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Abstract
Skeletal muscle growth is an economically and biologically important trait for livestock
raised for meat production. As such, there is great interest in understanding the
underlying genomic architecture influencing muscle growth and development. In spite of
this, relatively little is known about the genes or biological processes regulating bovine
muscle growth. In this thesis, several approaches were undertaken in order to elucidate
some of the mechanisms which may be controlling bovine muscle growth and
development. The first objective of this thesis was the development of a novel software
tool (SNPdat) for the rapid and comprehensive annotation of SNP data for any organism
with a draft sequence and annotation. SNPdat was subsequently utilised in chapters 3 and
6 to facilitate the identification of candidate genes and regions involved in bovine muscle
growth. In chapter 4, a number of metrics were explored for their usefulness in assessing
convergence of a Markov Chain using a Bayesian approach used in genetic prediction.
The need to adequately assess convergence using multiple metrics is addressed and
recommendations put forward. These recommendations were then implemented in
chapter 3. In addition, three separate investigations of bovine muscle growth and
development were performed. In chapter 3, a genome-wide association study was
performed to identify regions of the bovine genome associated with four economically
important carcass traits. This was followed by an examination of the transcriptional
responses in muscle tissue of animals undergoing dietary restriction and compensatory
growth (chapter 5). Finally, using high-throughput DNA sequencing, a candidate list of
200 genes was interrogated to identify genes which may be evolving at different rates,
and under evolutionary selection pressure, in beef compared to dairy animals (chapter 6).
A number of genes and biological pathways were found to be involved in traits related to
bovine muscle growth, several of which were identified in more than one study.
1Chapter 1: Introduction
21.1 Establishment of Cattle for domestic purposes
The domestication of cattle from the extinct wild aurochs (Bos
primigenius) occurred in the early Holocene period between 8,000 and 10,000
years ago (Willham, 1986; Vigne, 2011). It is generally accepted that modern
cattle originated from two independent domestication events, in the Near East
and the Indian subcontinent, giving rise to the two major taxa observed today;
Bos taurus and Bos indicus, respectively (Loftus et al., 1994; Troy et al., 2001;
Achilli et al., 2009; Ramey et al., 2013). This hypothesis was confirmed by
genetic analyses of mitochondrial DNA (mtDNA) between modern Bos taurus
and Bos indicus haplotypes, which indicated their emergence from two
genetically and geographically divergent populations. (Bruford et al., 2003;
Edwards et al., 2010; Zeyland et al., 2013).
The move toward domestication and control of captive animals marked
an important step in early human culture (Vigne, 2011). Domesticated cattle
provided resources such as milk, meat and draft ability (Sherratt, 1983;
Evershed et al., 2008). Consequently, early cattle were subject to simple
selective breeding for favourable traits based on morphologically obvious traits
such as milk yield and size. (Vigne, 2011). For millennia this “soft selection”
continued, until the emergence of the breed concept 200 years ago (Figure 1.1)
(Taberlet et al., 2011). Selection pressure rapidly increased, resulting in the
development of individual breeds specialised in, for example, milk yield and
growth potential (Gibbs et al., 2009; Taberlet et al., 2011). Today, over 1,000
cattle breeds have been established, many of which are specialised in a
particular trait of economic importance. Although much of the genomic
architecture involved in complex traits has yet to be revealed, cattle represent a
3significant scientific resource for investigating and understanding the genetics of
observed phenotypic variation (Andersson and Georges, 2004; Elsik et al.,
2009).
Figure 1.1 The main events in cattle, sheep and goat domestication.
(Adapted from (Taberlet et al., 2011)). Events are displayed in years before
present (BP).
1.1.1 Beef production in Ireland
The domestication of animals has allowed humans to utilise materials of
relatively little value (for example, low quality forage and natural pasture) to
produce products of high nutritional and commercial value. Domesticated cattle
are an important source of food, meat, hides, hair etc. In Ireland, there are
currently over 6 million cattle, consisting of both dairy and beef breeds
(Department of Agriculture Food and the Marine, 2012). Among the variety of
4different production systems throughout Europe, there exist two prominent
systems; pasture-based systems, predominately in the west, and cereal-based
systems, mostly in central-eastern parts of Europe (Bernues et al., 2011).
Combinations of these systems are also commonly found. Ireland has a climate
ideal for the former, thus beef production within Ireland is predominately a grass
based system (Drennan and Mcgee, 2009).
Within beef production systems, breeding programmes have been
developed to select for more productive and efficient animals, leading to the use
of animals with higher genetic merit and increased economic value (Barwick
and Henzell, 2005). Historically, beef producers have been provided with
breeding values to be used as selection tools, however, it had been left to the
decision of the producer to decide the economic value of each trait and
ultimately the use of those breeding values (Bourdon, 1998). In Ireland,
selection indexes for the beef industry began to emerge in the early 2000’s
(Amer et al., 2001). Selection indexes provide producers with clear breeding
objectives that can guide overall genetic change (Enns and Nicoll, 2008; Garrick
and Golden, 2009). Sophisticated statistical methods have successfully been
applied in animal breeding, resulting in considerable genetic gains in traits that
were selected on (for a review see Golden et al., 2009). These methods are based
on knowledge of population genetic parameters, without any knowledge of the
genetic architecture of the trait or the number of genes affecting the trait (Berry
et al., 2011). Recent advances in sequencing technology and bioinformatics
approaches are facilitating the dissection of complex traits, which could
potentially be included in future breeding programmes to further increase
genetic gain. However, key genes and pathways regulating growth traits will
5need to be elucidated before this information can be successfully integrated into
breeding programmes (Dekkers and Hospital, 2002).
1.1.2 Genetic improvement
In Ireland, the main body responsible for generating genetic information
for cattle breeding is the Irish Cattle Breeding Federation (ICBF). Prior to the
establishment of the ICBF in 1997, animal records on breeding and performance
were submitted by farmers to multiple organisations such as the Department of
Agriculture. This led to problems in national comparisons and duplicate data. To
increase the rate of progress within the industry, an agreement to centralise this
data into one single repository was reached. With this the ICBF came into
existence (Wickham and Durr, 2011).
The ICBF assumed the responsibilities of the Department of agriculture,
including the collection and maintenance of data, recording of breeding and the
estimation and release of animal genetic evaluations. For each trait currently
recorded in Ireland, the ICBF calculates a measure of genetic merit for all Irish
dairy and beef cattle. The phenotype of an animal is a combination of both
genetic and environmental effects. Genetic effects are the result of genes
inherited from parents, whereas environmental effects are the result of
conditions experienced by the animal (e.g. nutrition and temperature). Measures
of genetic merit, such as a predicted transmitting ability (PTA) or an estimated
breeding value (EBV), account for the additive genetic effects that are
responsible for performance of an animal and its progeny (Vanraden et al.,
1990). Measures of genetic merit are predicted from performance information of
the animal, its progeny and ancestors. The genetic evaluation for each trait also
6includes an estimated reliability. The reliability measures the confidence in the
estimated measure of genetic merit (scale between 0% - 99%). As more
information is included in an animal’s genetic evaluation, the reliability of the
evaluation will increase. As the reliability increases, there is a decreasing chance
that the evaluation will change in the future as more information is included.
The ICBF continually updates estimates of genetic merit and reliability as more
performance information is obtained for each animal or its relations.
1.1.3 Selection indexes
The ICBF also implemented a change in breeding indexes, introducing a
multi-trait index for dairy breeding in 2001 called the Economic Breeding Index
(EBI) (Veerkamp et al., 2002). Previous breeding indexes selected aggressively
for commercially important production traits, but failed to incorporate functional
traits such as fertility and health (Miglior et al., 2005). However, selection for
production traits alone may have negative effects on functionally important
traits (e.g. health (Heringstad et al., 2003) and reproduction (Veerkamp et al.,
2001)). The EBI represented a broader and more balanced selection index that
incorporated both functional and production traits. Breeding objectives for beef
cattle in Ireland were outlined by Amer et al. (2001). Currently, two main
indexes, which include both functional and production traits, are in use in beef
breeding in Ireland; the “maternal index” and the “terminal index”.
1.1.3.1 The maternal and terminal indexes
Both the maternal and terminal indexes are indicative of an animal’s
genetic merit. The maternal index specifically relates to an animal’s genetic
7merit to produce profitable daughters, whereas the terminal index is related to an
animal’s genetic merit to produce cattle for slaughter or sale. Each index
contains its own sub-indexes, each with its own emphasis on different functional
and production traits (Table 1.1 and Table 1.2). Animals are given a single
figure, calculated from the genetic merit of the animal for each sub-index and
the relative emphasis on that sub-index. The idea is that a single value related to
the overall satisfaction with an animal can be achieved, and that this value can
describe the relationship of the animal to profitability on either the maternal or
the terminal index. As such, the index figures are expressed in Euros, relative to
the performance of the base population (Campion et al., 2009) i.e. an animal
with a maternal index of €100 is expected to produce daughters that are €100
more profitable.
Table 1.1 The maternal index and relative weightings on sub-indexes.
Maternal Index
Sub-index % Emphasis
Calving 24
Beef 43
Fertility 19
Milk 11
Docility 3
8Table 1.2 The terminal index and relative weightings on sub-indexes.
Terminal Index
Sub-index % Emphasis
Calving 29
Beef 68
Docility 3
1.1.4 Limitations of traditional quantitative genetics
Despite considerable genetic gain in recent decades, traditional selection
approaches based on quantitative genetics methodology have a number of
limitations. For example, large and expensive breeding schemes are needed to
accurately estimate an animal’s genetic merit or the animal may need to be
sacrificed in order to obtain the phenotype. Additionally, traits that are
antagonistically correlated cannot be easily resolved in a traditional manner
(Berry et al., 2011). Improved understanding of the genetic architecture, through
functional studies or available interaction data, of complex traits may be
incorporated into future breeding programmes leading to improved accuracy of
selection (Berry et al., 2011; Snelling et al., 2013). Identifying key processes
under selection may also help resolve problems of antagonistic genetic
correlations between traits (Berry et al., 2011). However, many of the
mechanisms affecting complex traits, such as growth, have yet to be elucidated
and warrant further investigation.
91.2 Skeletal muscle
Skeletal muscle is a form of striated muscle tissue attached to the
skeleton. The entire muscle is surrounded by the epimysium, a type of
connective tissue. Skeletal muscle tissue is composed of complex bundles of
muscle fibres (myofibres) called fascicles, which are in turn surrounded by the
perimysium. Myofibres are long, multinucleated structures that are bound by a
cell membrane, the sarcolemma (Figure 1.2). Each myofibre contains cylindrical
bundles of contractile filaments known as myofibrils. Myofibrils consist of an
ordered arrangement of longitudinal myofilaments which are grouped into two
types; thin filaments (diameter 6–10 nm composed of actin) and thick filaments
(diameter 14–16 nm and composed of myosin) (Hooper et al., 2008). Each thin
filament is composed of two strands of actin. Tropomyosin (filamentous) and
troponin (globular) are thin filament regularity proteins found in striated muscle.
Tropomyosin blocks actin binding sites at rest, but moves away in the presence
of Ca++ (Hooper et al., 2008). Thick filaments are comprised of myosin, which
is used to produce force by engaging actin filaments (Hooper et al., 2008).
Together, thin and thick filaments produce movement by contraction through the
sliding filament model (Huxley and Niedergerke, 1954; Huxley and Hanson,
1954).
Signals penetrate the sarcolemma through T-tubules, activating the
sarcoplasmic reticulum leading to muscle contraction. Repeating units known as
sarcomeres are the basic units of muscle. A sarcomere consists of light bands
(known as the I-band) and dark bands (known as the A-band) giving muscle the
characteristic striation observable by light microscopy. Sarcomeres are bounded
by thin filaments called Z-lines that bisect the I-band such that one half of the I-
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band belongs to one sarcomere and the other half to the adjacent sarcomere
(Hooper and Thuma, 2005). At the centre of the sarcomere is the H-band,
comprising only thick filaments. The H-band is bisected by the M-line.
Contraction of the sarcomere, and consequently the entire muscle, happens
when the Z-lines move closer together (Davies and Nowak, 2006). The
complexity and design of this bundle within a bundle organisation throughout
muscle tissue is key to the strength and coordination of muscle contraction
(Blandin et al., 2013).
Figure 1.2 The structure of a skeletal muscle fibre. (Adapted from (Davies
and Nowak, 2006)).
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1.2.1 Cattle breed muscle characteristics
1.2.1.1 Holstein-Friesian
In Ireland, there are over 6 million cattle, of which approximately 2.3
million are Holstein-Friesian (Department of Agriculture Food and the Marine,
2012). Holstein-Friesian cattle are a popular breed of cow known for their
ability to produce large amounts of milk (Gibbs et al., 2009). Although Holstein-
Friesian cattle are used primarily in dairy production systems, they are also an
important source of meat for beef production and export.
1.2.1.2 Aberdeen Angus
There are about 3.5 million beef cattle in Ireland, of which
approximately 16% are Aberdeen Angus animals (Department of Agriculture
Food and the Marine, 2012). Approximately 13.4 % of all dairy cows are bred to
Aberdeen Angus bulls in Ireland. The Aberdeen Angus is an early maturing
breed that was developed in north-eastern Scotland (Gibbs et al., 2009;
McTavish et al., 2013). Aberdeen Angus animals are known for their
characteristic black coat and greater levels of intramuscular fat marbling which
is associated with increased meat quality (Kuber et al., 2004; Gibbs et al., 2009;
Keady et al., 2013).
1.2.2 Compensatory growth
Following long periods of reduced feed intake, many organisms have the
capacity to rapidly increase growth rate following re-alimentation to a higher
energy diet (Figure 1.3). This phenomenon, commonly referred to as
compensatory growth, allows organisms to achieve a genetically pre-determined
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inherent size following periods of restricted energy intake (Connor et al., 2010).
Examples of compensatory growth have been observed in fish (Ali et al., 2003),
cattle (Lehnert et al., 2006) and even humans (Ashworth, 1969). An animal
experiencing compensatory growth is characterised by a significantly faster
growth rate and increased efficiency of energy use compared to animals that
have not experienced reduced feed intake (Hornick et al., 2000; Ali et al., 2003;
Connor et al., 2010). The ability of an animal to compensate is dependant on
several factors including; the severity and duration of reduced feed intake, the
age and sex of the animal and the quality of the re-alimentation diet (Ali et al.,
2003).
A number of studies have tried to elucidate the mechanisms regulating
compensatory growth in several livestock species basis (Johansen and Overturf,
2006; Lehnert et al., 2006; e.g. Picha et al., 2008; e.g. Connor et al., 2010). In
spite of this, the mechanisms underlying compensatory growth have remained
concealed. For example, Lehnert et al. (2006) identified only a single gene as
differentially expressed during re-alimentation compared to controls, although
gene expression was examined quite late in to the re-alimentation period (84
days) when animals had entered normal growth trajectories.
In cattle production systems, compensatory growth is gaining attention
from many producers as a means to offset high feed costs. In beef cattle
production systems, animal feed costs are highest during Winter and lowest in
Spring. Because of this, compensatory growth is seen as a potential management
strategy to offset high costs over Winter until feed is available as cheap Spring
pasture. Additionally, compensatory growth presents an interesting model to
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study the effects of reduced feed intake on muscle tissue and the subsequent
acute response observed upon re-alimentation.
Figure 1.3 Growth trajectories associated with compensatory growth.
Implementation of compensatory growth in animal production may include a
restricted feeding period over Winter, and a recovery period during Spring. (A)
= The expected growth trajectory of animals experiencing normal conditions. As
the number of days increases, the weight of the animal will continue to steadily
increase. (B) = the depressed growth trajectory experienced during a restricted
feeding period. (C) = A rapid increase in growth rate experienced by animals
during compensatory growth. Adapted from (Hornick et al., 2000).
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1.2.3 Genes involved in regulating muscle growth
1.2.3.1 Growth hormone
Growth hormone (GH), an anterior pituitary produced hormone, is a key
regulator of metabolism and growth in mammals (Mullen et al., 2010). In cattle,
administration of GH has also been shown to stimulate muscle growth by
increasing the size of myofibres (Vann et al., 2001; Jiang and Ge, 2013). The
effects of GH are mediated by binding to its receptor (GHR), which in turn
stimulates the release of insulin-like growth factor 1 (IGF1), an important
circulating growth factor (Bonaldo and Sandri, 2013). GHR expression has been
reported in several tissues in cattle including liver, fat and skeletal muscle (Jiang
and Ge, 2013). Disruption of GH, or GHR, results in mice that are 50% smaller
than their wild-type littermates (Zhou et al., 1997; Jiang and Ge, 2013).
Additionally, a number of studies have reported associations between single
nucleotide polymorphisms, in GH and GHR, and a number of performance traits
in cattle including growth and animal size (Mullen et al., 2010; Mullen et al.,
2011b; Waters et al., 2011).
1.2.3.2 Insulin-like growth factor 1
Insulin-like growth factor 1 (IGF1) is an important circulating growth
factor involved in stimulating proliferation and differentiation of muscle cells
(Otto and Patel, 2010; Keady et al., 2011; Schiaffino and Mammucari, 2011).
IGF1 is expressed in a number of tissues including skeletal muscle, although
expression is most abundant in liver (Jiang and Ge, 2013). However, in the
circulation, most IGF1 is found as part of a complex with one of 6 IGF binding
proteins (IGFBP), which increase the half-life of IGF1 in blood (Boisclair et al.,
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2001; Jiang and Ge, 2013). Over-expression of IGF1 in mice has shown
increased muscle hypertrophy as well as resistance to induced muscle atrophy
(Musaro et al., 2001; Schulze et al., 2005; Bonaldo and Sandri, 2013).
Additionally, binding of IGF to IGF1R activates several signalling
cascades, including the MEK-ERK pathway and the PI3K-AKT pathway (Glass,
2003; Duan et al., 2010; Glass, 2010). Indeed a number of studies have
implicated both of these pathways in regulating muscle size and inhibition of
protein degradation (Sartori et al., 2009; Ge et al., 2013).
1.2.3.3 Myostatin
Myostatin (also called growth differentiation factor 8, or GDF8), which
is a member of the transforming growth factor β (TGFβ) family of proteins, is 
primarily expressed in skeletal muscle and acts as a negative regulator of muscle
growth (McPherron et al., 1997; Allen and Unterman, 2007). Mutations in the
myostatin gene have been shown to induce increased muscle mass leading to the
double-muscling phenotype (Esmailizadeh et al., 2008; Kollias and McDermott,
2008) (Figure 1.4). Double-muscling is characterised by both an increase in the
number of cells (hyperplasia) and an increase the size of individual cells
(hypertrophy). This phenotype, due to disruption of myostatin, has been reported
in a number of species including mice (McPherron et al., 1997), cattle
(McPherron and Lee, 1997) and humans (Schuelke et al., 2004). The double-
muscling phenotype has been reported in many cattle breed including Friesian,
however, it is most commonly observed in Belgian Blue and Piedmontese
breeds (Kambadur et al., 1997).
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The inhibitory effects of myostatin on muscle are mediated by binding to
activin type II receptor B, which in turn leads to phosphorylation of R-Smads 2
and 3 to initiate numerous signalling cascade (Trendelenburg et al., 2009; Burks
and Cohn, 2011). Myostatin treatment has been shown to block the IGF1-PI3K-
AKT signalling pathways, inhibiting muscle growth and differentiation
(Trendelenburg et al., 2009; Bonaldo and Sandri, 2013).
The role of myostatin, and the effect of myostatin inactivation have
gained considerable interest in medical science as a potential target for
therapeutic treatment of numerous muscle wasting disorders in humans (Roth
and Walsh, 2004; Zhou et al., 2010; Han et al., 2013). However, in cattle
doubling-muscling is often considered undesirable due to increased problems
associated with calving such as dystocia, and unfavourable meat characteristics
(Cuvelier et al., 2006; Allais et al., 2010; Kolkman et al., 2010).
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Figure 1.4 Examples of muscle hypertrophy caused by myostatin
inactivation. A-C increased muscle mass in myostatin null mice (lower panels)
compared to wild-type littermates (top panels) in the upper limb (A), lower limb
(B) and pectoral muscles (C) of skinned animals (McPherron et al., 1997). (D) a
Belgian Blue bull exhibiting the double muscling phenotype (McPherron and
Lee, 1997). (E) photographs of a child at 6 days (left) and 7 months (right).
Arrows indicate protruding muscles at the child’s thigh and calf caused by
muscle hypertrophy (Schuelke et al., 2004).
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1.3 The bovine genome
1.3.1 The Bovine Genome Project
Following the publication of the human genome in 2001 (Lander et al.,
2001), sequencing technologies have rapidly and dramatically improved. In the
last decade, decreasing costs and increasing output associated with sequencing
has culminated in the publication of full genome sequences for an increasing
number of animal species (Eggen, 2012)(Table 1.3). The bovine genome was
published in 2009 (Elsik et al., 2009), which was appropriately, the Chinese year
of the Ox. The bovine genome contains about 22,000 genes on 29 autosomes
and 2 sex chromosomes. The bovine genome was based primarily on the DNA
sequence of a single female Hereford animal, L1 Dominette. The Bovine
Genome Project represented a large collaborative effort between multiple groups
and funding from the Australia, Canada, France, New Zealand, the United
Kingdom and the United States (Burt, 2009; Elsik et al., 2009).
The unique biology of ruminants and, in particular, the importance of
cattle as a major source of nutrition for humans were some of the main reasons
for sequencing the bovine genome (Elsik et al., 2009; Tellam et al., 2009). Also,
the bovine genome was the first complete high coverage genome sequence from
the Cetartiodactyl order of eutherian mammals which first appeared
approximately 60 million years ago (Burt, 2009; Tellam et al., 2009). The cattle
genome sequence provides an important scientific resource for exploring the
impact of genetic variation, understanding mammalian evolution and genomic
studies related to cattle breeding (Elsik et al., 2009; Berry et al., 2011). Two
different genome assemblies, using different approaches, have been generated
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based largely on the same sequence data generated from the Bovine Genome
Project.
Table 1.3 Sequenced genomes for animal species. (Adapted from (Eggen,
2012)).
Species Genome length(assembly) (Gbp) Year
Dog (Canis familiaris) 2.4 2003
Chicken (Gallus gallus) 1.05 2004
Cat (Felis catus) 1.64 2006
Sheep (Ovis aries) 2.78 2008
Cattle (Bos taurus) 2.91 2009
Horse (Equus caballus) 2.47 2009
Pig (Sus scrofa) 2.2 2009
Rabbit (Oryctolagus cuniculus) 2.67 2009
Turkey (Meleagris gallopavo) 1.08 2009
Dromedary (Camelus dromedarius) 2.2 2011
1.3.2 Baylor College of Medicine assembly
Baylor college of medicine published their first assembly of the bovine
genome in 2009 (Liu et al., 2009), prefixed as Btau. Btau4.0 was assembled by
combining whole-genome shotgun reads, and bacterial artificial chromosomes
sequences leading to a 2.87 Gbp assembled genome (2.91 Gbp including
unplaced contiguous sequences (contigs)). In the Btau4.0 assembly, 90% of the
total genome was placed on 29 autosomes and the X chromosome. The N50 size
(50% of the genome is in contigs of this size or larger) for the assembly was
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81.6 kbs. Although, this initial assembly did not assign any sequence to the Y
chromosome, the current version (Btau4.6.1) contains 43.3 Mb of sequence
assigned to the Y chromosome.
1.3.3 University of Maryland assembly
A second, independent, assembly of the bovine genome was carried out
at the University of Maryland and published with the prefix UMD (Zimin et al.,
2009). UMD used paired-end sequence data, mapping data and the human
genome to create an assembly of 2.86 Gbps (Figure 1.5). This also included a
partial assembly of the bovine Y chromosome. The current UMD assembly
(UMD3.1) also has a slightly higher N50 contig size of 96.955 kbs compared to
83.68 kbs for the current Btau assembly.
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Figure 1.5 Chromosome lengths based on the UMD3 assembly of the bovine
genome. Chromosome (Chr) lengths are displayed in base pairs on the y-axis.
(Adapted from (Zimin et al., 2009)).
1.3.4 Gene orthology
Orthologs for more than 75% of the predicted bovine genes have been
identified in dog, human, mouse or rat, opossum and platypus (Elsik et al.,
2009). There are numerous examples of individual genes having similar
functional impact across species (Goddard and Hayes, 2009). For example,
mutations in the myostatin gene are known to cause the double muscling
phenotype in humans (Schuelke et al., 2004), mice (McPherron et al., 1997) and
cattle (McPherron and Lee, 1997; Martinez et al., 2010). In spite of this, across
species there is little known on the conservation of genes with low to moderate
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effects on a phenotype (Elsik et al., 2009). However, there is growing evidence
for conservation of gene classes between species (Pryce et al., 2011). For
example, sequencing of the bovine genome revealed that most genes involved in
metabolism are generally highly conserved in mammals, although in cattle a few
gene losses compared with other mammalian species were identified (Elsik et
al., 2009; Tellam et al., 2009).
Gene interaction data and pathway annotations for humans are of a
higher quality and contain greater detail than bovine annotations. This is an
important consideration for analyses involving bovine gene data (or non-model
organism). Because of this, it is common practice to map genes from bovine to
human orthologs for downstream analysis such as identifying gene interactions
and affected pathways.
1.3.5 The Bovine HapMap project
One of the main goals of the Bovine HapMap project was to shed light
on the genomic structure of cattle through the identification and analysis of over
37,000 single nucleotide polymorphisms (SNPs). Data from 19 different breeds
of both Bos taurus and Bos indicus cattle was used to investigate breed
diversity, patterns of linkage disequilibrium, population history and effective
population sizes (Gibbs et al., 2009).
1.3.5.1 Variation in the bovine genome
Single nucleotide polymorphisms (SNPs) are the most common genetic
variant found in vertebrates and invertebrates (Brookes, 1999; Cohuet et al.,
2008). Identifying DNA sequence variation in domestic livestock species is of
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particular importance in breeding and genetic improvement studies (Gao et al.,
2012). A by-product of the bovine genome project and subsequent HapMap
project is the availability of massive numbers of genetic markers in the form of
SNPs. This massive increase in marker numbers spurred the development of
high-density genotyping arrays, such as the BovineSNP50 beadchip
(Matukumalli et al., 2009), and has subsequently enabled scanning of the
genome to identify markers associated with particular phenotypes of interest. At
present, there are almost 10 million bovine SNPs reported in dbSNP (Sherry et
al., 2001), although this is quite low compared to species such as mice
(approximately 16 million) or humans (approximately 60 million). As such,
much of the variation in the bovine genome has yet to be discovered and
characterised.
1.3.5.2 Linkage disequilibrium and effective population size
In recent years effective population size in cattle has dramatically
declined with the development of advanced breeding techniques used to identify
elite animals that are then used to sire large numbers of progeny (de Roos et al.,
2008; Gibbs et al., 2009; Muers, 2009). Although the total number of
domesticated cattle continues to rise, the genetic diversity of those animals has
decreased (Gibbs et al., 2009). This decline has had an effect on the pattern of
linkage disequilibrium (LD) in cattle, which is the non-random association
between two or more regions of DNA that occurs when they are inherited
together (Khatkar et al., 2008). The pattern of LD in a species reflects historical
rates of recombination between loci and evolutionary forces (Feder et al., 2012).
Two commonly used measures of LD are D' and r2. Each of these have different
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statistical properties but both range from 0 (no disequilibrium) to 1 (perfect
disequilibrium) (for a review see Pritchard and Przeworski, 2001; Balding,
2006).
Unlike in species such as humans, where LD is found only up to tens of
kb (Tenesa et al., 2007), LD patterns in cattle have been reported at low but
nonzero levels of up to 1,000 kb (de Roos et al., 2008; Khatkar et al., 2008;
Gibbs et al., 2009) (Figure 1.6). In fact, the extent of LD has been shown to be
much greater in numerous livestock species compared to humans (e.g. pigs
(Nsengimana et al., 2004), sheep (McRae et al., 2002; Meadows et al., 2008)
and cattle (Farnir et al., 2000; Khatkar et al., 2008; Gibbs et al., 2009)). This is
an important consideration for analyses in cattle that rely of the pattern of LD
(such as genome-wide association studies), as the number of markers (usually
SNPs) required to for sufficient coverage of the genome is substantially less
than that required in humans (Matukumalli et al., 2009).
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Figure 1.6 Changes in linkage disequilibrium (r2) between marker pairs
with increasing distance for all breeds analysed as part of the bovine
HapMap project. Values are the genome-wide average r2 values within 10 kb
bins (Adapted from (Gibbs et al., 2009)). ANG = Angus, JER = Jersey, CHL =
Charolais, GNS = Guernsey, HOL = Holstein, NDA = N'Dama, NRC =
Norwegian Red, RGU = Red Angus, PMT = Piedmontese, RMG = Romagnola,
BSW = Brown Swiss, LMS = Limousin, HFD = Hereford, SGT = Santa
Gertrudis, BMA = Beefmaster, BRM = Brahman, GIR = Gir, NEL = Nelore,
SHK = Sheko.
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1.4 Systems biology
The mechanisms regulating many traits are undoubtedly complex, and as
such require the integration of data from many sources to fully comprehend.
Systems biology is an integrative approach whose constituent disciplines include
genomics, transcriptomics, proteomics, metabolomics and bioinformatics (van
Ommen and Stierum, 2002; Berry et al., 2011). Systems biology seeks to exploit
the growing amount of information (particularly from next-generation
sequencing) from these disciplines in order to understand the dynamic outcomes
of molecular interactions at the cell, pathway and organism levels (Auffray et
al., 2003; Smith and Bolouri, 2005; Bruggeman and Westerhoff, 2007). Unlike
analysis of individual components of a system (such as the response of a single
cell type to a single stimulus), systems biology concentrates on all of the
components, the interactions between them and the resulting outcomes (Hood,
2003; Aderem, 2005; Berry et al., 2011). Approaches from the genomics,
transcriptomics and bioinformatics disciplines were used in this thesis and as
such are discussed in the following sections. Additional disciplines that may be
exploited within the systems biology context are reviewed by Smith and Bolouri
(2005) and Berry et al. (2011).
1.4.1 Genomics
To help us better understand biological systems, genomic technologies
aim to dissect the structure, variation and intra-genomic relationships within the
genome. In 1977, the first complete genome (bacteriophage φX174) was 
sequenced by Sanger et al. (1977). With this landmark paper the field of
genomics emerged. Twenty-four years later, following a large collaborative
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effort, the first draft human genome was published and later finalised in 2003
(Lander et al., 2001; IHGSC, 2004). An increasing demand for low cost
sequencing throughout the 2000s spurred the development of high-throughput
massively parallel sequencers (next-generation sequencing (NGS)). Since then,
the cost of sequencing entire genomes has fallen dramatically prompting the
launch of the $1,000 genome challenge in 2005 (Bennett et al., 2005; Mardis,
2006; Sboner et al., 2011). These developments triggered an era of genome
sequencing projects for several animal species including the bovine genome
which was published in 2009 (Elsik et al., 2009). The publication of the bovine
genome has provided an invaluable resource enabling the examination of genes,
discovery of mutations and the testing of evolutionary hypotheses (Gibbs et al.,
2009). A number of different NGS platforms are available (for a review of the
various strategies see Mardis (2008), Shendure and Ji (2008), Ansorge (2009),
Voelkerding et al. (2009), Metzker (2010)) but essentially, to sequence a
genome, DNA is broken into many short fragments which are then amplified.
The nucleotide bases composing these fragments are identified (called
“sequencing”), and through multiple rounds of re-arranging these fragments
(called “assembly”), sequences representing the DNA of each chromosome from
the genome is obtained (known as “contigs”). The quality of the genome is
assessed based on the number and length of the assembled contigs, usually the
fewer the number and the longer the length of the contigs, the better (Schatz et
al., 2010; Yandell and Ence, 2012).
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1.4.2 Transcriptomics
Transcriptomics refers to the study of the transcriptome, which is the set
of all RNA transcripts including mRNA, rRNA, tRNA, miRNA and small
RNAs. Transcriptomics enables global understanding of the molecular changes
in gene expression that controls the synthesis of proteins within the cell.
Examination of gene expression within tissues can provide insights as to the
genes and pathways that are functionally important in regulating animal
performance. To date, most gene expression studies in cattle have been
performed using microarrays (Lehnert et al., 2006; Sadkowski et al., 2009;
Connor et al., 2010). However, there are several limitations with microarray
technologies, such as reliance on existing knowledge about genome sequence,
limited dynamic range of detection and issues surrounding reproducibility
(Wang et al., 2009b).
Much of the limitations of microarrays have been overcome with the
advent of NGS technologies. RNA-seq enables deep-sequencing of the
transcriptome and the quantification of expression through calculation of
digitally defined counts of reads that align to a transcript. RNA-seq is a
relatively new approach to transcriptome sequencing but has several advantages
and novel applications over microarrays (Wang et al., 2009b). For example, this
technology is highly sensitive to the detection of all expressed genes, has
virtually no background noise and has a higher range of detection. Also, the
digital readout of sequence from RNA-seq has enabled the detection of novel
transcripts, alternative splicing, transcript fusions and SNP discovery. Because
of these advantages, RNA-seq has quickly been adopted by a large number of
researchers and employed in the analysis of several complex traits (e.g. negative
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energy balance (McCabe et al., 2012), infection (Foley et al., 2012; Vegh et al.,
2013) and stress response (O'Loughlin et al., 2012)).
1.4.3 Bioinformatics
Bioinformatics can be described as the use of computer algorithms to
process, manage and analyse biological data. Bioinformatics covers a wide
range of disciplines including software development, database design, genome
annotation, mathematical modelling and graphical display of biological data
(Chicurel, 2002; Hood, 2003; Melham, 2013). Bioinformatics allows the
efficient and rapid analysis of huge datasets in a high-throughput manner.
Bioinformatics has a synergistic relationship with the omics disciplines, in that
as data generated from the omics has become increasingly large,
bioinformaticians have been tasked with the job of developing efficient
algorithms for the analysis of this data. Similarly, the improvement of
bioinformatic techniques has enabled more difficult questions and new
hypotheses to be tested (Smith and Bolouri, 2005). Within systems biology,
bioinformatics plays an important role in bringing together information from
various sources to address biological questions (Kitano, 2002). Examples of this
can seen with the availability of numerous visualisation and analysis resources
such as InnateDB (Lynn et al., 2008; Breuer et al., 2013), STRING
(Franceschini et al., 2013) and various genome browsers (e.g. UCSC (Meyer et
al., 2013)). A key challenge for bioinformatics will be the continued
development of novel, more efficient and, importantly, user-friendly tools that
can be utilised by the wider community of researchers.
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1.4.4 Databases and online resources
A large number of public databases now exist, maintaining information
on genetic variation, genetic association, DNA sequences, gene interactions and
expression data. Centralised databases and resources, with standardised storage
structures, are essential to systems biology (Kitano, 2002; Cassman, 2005).
Many of these resources form the basis of much research, facilitating analyses
that would not be possible without them. Humans are the most represented
organism in many databases, however the information available for many non-
model organisms has rapidly grown in recent years. A detailed review of many
databases and resources available to aid the analysis of both model and non-
model organisms is presented by Helmberg (2012). A brief description of the
resources and databases utilised in this thesis are outlined in the following
sections.
1.4.4.1 The Single Nucleotide Polymorphism Database
The Single Nucleotide Polymorphism Database (dbSNP) (Sherry et al.,
2001) is a public repository for molecular variation. Although the name dbSNP
suggests that only SNPs are contained within the database, the term SNP was
chosen as shorthand for variation, thus information on SNPs, short insertions
and deletions, microsatellite markers and other forms of genetic variation are
also represented (Sherry et al., 1999). Submissions from both public and private
sources are accepted. As variation at the same location in the genome can be
submitted from multiple sources, two types of records are maintained in dbSNP;
submitted SNPs (ss accession number) and reference SNPs (rs accession
number). An ss number is assigned to all submitted variations, and an rs number
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to all unique variation in an organisms’ reference genome. Variation for
approximately 100 organisms (including cattle) is currently maintained by
dbSNP and this number continues to grow as more organisms’ genomes are
sequenced.
1.4.4.2 Ensembl
Ensembl is a joint project of the Wellcome Trust and EMBL-EBI, which
provides genome resources and a genome browser (Flicek et al., 2012). Similar
databases are available through the National Centre for Biotechnology
Information (NCBI) (Jenuth, 2000) and University of California, Santa Cruz
(UCSC) (Karolchik et al., 2013). The Ensembl database contains reference
sequences and genome annotations for over 50 species including evidence-based
gene annotations and comparative genomics resources such as homology,
orthology and paralogy relationships. In addition, support for user data upload
and visualisation is provided for BAM, GTF and VCF file formats (among
others).
1.4.4.3 Kyoto Encyclopaedia of Genes and Genomes
The Kyoto Encyclopaedia of Genes and Genomes (KEGG) (Kanehisa et
al., 2012) is an online database consisting of 15 sub-databases representing
functional information (such as pathways), genomic information (such as genes)
and chemical information (such as small molecule compounds). KEGG Pathway
links known information on molecular interactions for human diseases,
metabolic, cellular and organismal processes in manually drawn pathway maps.
Users are provided with a visualisation tool linking the components of biological
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pathways that are present in the system under investigation. KEGG’s pathway
mapping tool can be used to connect molecular data (such as that derived from
sequencing) to biological function, enabling improved understanding and
interpretation of experimental outcomes.
1.4.4.4 Animal Quantitative Trait Loci database
The Animal Quantitative Trait Loci database (Animal QTLdb) (Hu et al.,
2013) is an open repository housing publicly available QTL and genetic
association data on numerous livestock species. Currently, information is stored
for cattle (Cattle QTLdb), chicken (Chicken QTLd), pig (Pig QTLdb), sheep
(Sheep QTLdb) and rainbow trout (Rainbow Trout QTLdb). Tools are also
provided to enable comparison of QTL across within and across species. Data
can also be retrieved in several formats including GFF3 and SAM. Since the
inception of Animal QTLdb in 2005 (Hu et al., 2005), its popularity has steadily
grown and there is now information on over 20,000 QTLs for over a thousand
traits in 5 species contained within the database (Hu et al., 2013).
1.4.4.5 Gene Expression Omnibus
Gene Expression Omnibus (GEO) (Barrett et al., 2013) is a public
repository containing functional genomics data derived from microarray, next-
generation sequencing and other forms of functional genomics experiments.
GEO hosts the raw data, processed data and metadata derived from gene
expression, gene regulation and epigenomics experiments. GEO also provides
tools to search for, identify, analyse and visualise data. Additionally,
programmatic access to data contained within GEO is supported. Furthermore, a
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number of journals publishing studies of gene expression require that relevant
data are made available through online repositories such as GEO.
1.4.5 Systems biology and animal science
Integrating the ‘omics’ technologies and bioinformatics under the
systems biology umbrella is a promising strategy in animal science
(Kadarmideen et al., 2006; Berry et al., 2011; Eggen, 2012). By utilising a more
holistic approach, systems biology is capable of facilitating new understanding
of the genetic control of economically important phenotypes (D'Alessandro and
Zolla, 2013). In livestock species, systems biology is particularly appealing to
quantitative geneticists and breeders. Systems biology could fundamentally
change the way in which animal breeding is practiced, moving away from the
traditional “black box” approach, where very little is known about the
underlying genetic mechanism, toward an approach where the genetic regulatory
networks and biological pathways underlying changes in the phenotype are
considered (Zhu et al., 2009; Berry et al., 2011; Cole et al., 2013; Snelling et al.,
2013).
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1.5 Genome-wide association study
In very general terms, the aim of any genetic association study is to
identify associations between a phenotypic variable and a genetic variable
(Konig, 2011). Phenotypic variables may be binary outcomes, for example a
disease status being infected or not infected (yes or no), or quantitative such as
height (Visscher, 2008; Lango Allen et al., 2010). Genetic markers where the
alleles and the location in the genome are known are used as the genetic
variable. Most association studies utilise SNPs as genetic markers. Although
these SNPs may not be responsible for the observed variation in a phenotype,
with a sufficient density of SNPs throughout the genome, the effect of an
unknown causal variant may be detected due to LD between the known SNP and
the unknown causal variant (Balding, 2006). A genome wide association study
(GWAS) is a large scale association study that assays genetic variants across the
entire genome (Ramanan et al., 2012). In this way, GWAS can be a powerful
tool for identifying candidate regions (or quantitative trait loci (QTLs))
harbouring genes or mutations influencing outcomes in a phenotype of interest
(Manolio et al., 2009; Gao et al., 2012). For example, by examining genes that
are found within candidate regions, important insights into the functional
mechanisms underlying the trait being investigated can be elucidated. This can
then lead to better understanding of the molecular processes that affect variation
within the trait of interest (Wang et al., 2007; Holmans et al., 2009; Fontanesi et
al., 2012). However, in order to detect the polymorphisms with small effects
which underlie a complex trait, a large number of samples are needed to
maintain statistical power (Balding, 2006; Zhang et al., 2010).
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In the last number of years GWAS has become a popular tool for
investigating the underlying genetic architecture associated with several
phenotypes. For example, in human studies over 1,300 GWAS studies have
been published since 2005 (Ramanan et al., 2012; Hindorff et al., 2013;
Manolio, 2013) (Figure 1.7). Increasingly, GWAS are viewed as an initial
screening tool to enable targeted downstream analysis for discovering genes and
pathways relevant to a phenotype (Korte and Farlow, 2013). In cattle, the
development of high density genotyping arrays and a decrease in costs of
genotyping large pools of animals have made possible scanning of the entire
genome to identify regions of the genome associated with phenotypes of
interest.
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Figure 1.7 The number of published GWA studies in humans from 2005 –
2012. Adapted from (Manolio, 2013).
1.5.1 Single SNP regression
GWAS allows the examination of a large number of genetic markers
distributed across the entire genome to detect variants associated with a trait of
interest. Most association studies to date have used single SNP regression
approaches to quantify the association between SNPs and a quantitative
phenotype (Ziegler et al., 2008). Linear mixed model (LMM) approaches
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analyse each SNP separately (include a single SNP at a time) for an association
with a phenotype allowing for the inclusion of fixed and random effects within
the model. In this type of analysis, the null hypothesis is that there is no
association between the SNP and the trait (dependent variable). SNPs can be
included as continuous variables, in which case an allelic effect will be
estimated. Importantly, linear models in GWAS assume a linear relationship
between the trait and genotype as well as a common variance at each genotype,
which is not always a realistic assumption. Additionally, as many thousands of
SNPs are included in a GWAS, errors arising from many thousands of
individual tests must be controlled for (Balding, 2006).
1.5.1.1 Correcting for thousands of tests
Typically in GWAS, many thousands of SNPs are investigated for an
association with a trait. As genotyping arrays have increased the number of
SNPs assayed on a single array, the number of SNPs that can be included in an
association study has grown dramatically. This poses a major challenge for
GWAS. Not only is it computationally challenging to analyse such large
numbers of SNPs in a reasonable amount of time but also, as many thousands of
individual test are performed, controlling the number of false positives reported
has become an important procedure in GWAS. Anytime the null hypothesis is
rejected (i.e. the p-value is less than a certain threshold, commonly p<0.05), it is
possible that this significant result was due to chance alone. A case in which the
null hypothesis is rejected when in fact it should be accepted is called a false
positive (or type I error). Conversely, when the null hypothesis is accepted when
in fact the null hypothesis should be rejected is known as a false negative (or
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type II error). Several correction algorithms for controlling multiple testing
errors are regularly employed in GWAS. The most common correction methods
are Bonferroni, Benjamini-Hochberg and the q-value which are discussed
below.
1.5.1.2 Bonferroni
Bonferroni correction is a commonly used approach to the multiple
comparison problem, which seeks to control the number of type I errors (false
positives). Bonferroni correction controls the family-wise error rate (FWER),
which is the probability of making one or more false discoveries among all tests.
For a given significance threshold, α, a test is significant (i.e. the null hypothesis 
of no association is rejected) if the p-value multiplied by the total number of
tests is less than α. This ensures that the probability of rejecting at least one 
hypothesis when all are true is no greater than α. This approach assumes 
independence of SNPs, which is unlikely as many SNPs included in an analysis
are likely to in LD with each other (Gao et al., 2010; Johnson et al., 2010). As a
consequence, the probability of type II error rate (false negatives) is inflated as
the number of tests increases (Streiner and Norman, 2011). In general, as the
number of tests increases, statistical power to detect true positives decreases
when controlling FWER (Storey, 2002).
1.5.1.3 Benjamini-Hochberg
An alternative approach to controlling the FWER is to control the false
discovery rate (FDR). This approach allows a proportion of false positives to be
contained within all significant results, and thus is much less conservative than
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the Bonferroni approach. Also, for the same set of p-values, the number of false
negatives will be less than that of the Bonferroni approach. A commonly used
FDR approach is the Benjamini and Hochberg (BH) (Benjamini and Hochberg,
1995). Although a similar approach was originally proposed by Simes (1986),
Benjamini and Hochberg (1995) developed the proposal of Simes in greater
detail. In order to perform the BH correction, all p-values are placed in
ascending order and ranked from 1 (smallest) to the total number of tests, k
(largest). A threshold for the study is then chosen (α) at which the FDR will be 
controlled. For each p-value a critical threshold is calculated by dividing its rank
by the total number of tests and multiplying the result by α. A p-value is 
significant after BH correction if it is smaller than its critical threshold. All p-
values less than the highest ranked that is significant are also significant. BH is
less conservative than the Bonferroni correction, especially when many
correlated tests are involved.
1.5.1.4 The q-value
Another approach for correcting for errors arising from multiple testing
is the q-value (Storey, 2002; Storey, 2003; Storey and Tibshirani, 2003). The q-
value is an extension of the FDR approach (Benjamini and Hochberg, 1995),
and is analogous to the traditional p-value obtained from FDR correction
methods. The q-value is a particularly useful statistic in extremely large datasets
where dependence between tests may exist, such as in a GWAS (Storey, 2002;
Storey and Tibshirani, 2003). This approach controls the number of significant
results that will be false positives, unlike p-value methods that control the
number of tests that result in false positives. For example, given 1,000 tests in
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which a p-value threshold of 0.05 is chosen. This means that 5% of all tests (50)
will result in a false positive, whereas a q-value of 0.05 means that 5% of
significant results will be false positives. So if 100 of the 1,000 tests are
significant (either a p-value < 0.05 or a q-value < 0.05), a p-value of 0.05 means
that up to half (50) of these may be false positives, whereas a q-value of 0.05 for
the same results means that up to 5 results may be false positives. Storey and
Tibshirani (2003) demonstrated that the q-value methodology also controls the
number of false negatives more appropriately than the BH approach resulting in
greater power, especially in scenarios where dependence between tests may
exist such as in genome-wide studies.
1.5.2 Bayesian inference
Single SNP regression approaches analyses each SNP individually for
association with the phenotype under investigation (McCarthy et al., 2008).
However, many traits are complex in nature, and likely to be influenced by
many genes. Models that analyse all SNPs simultaneously should provide more
accurate results than models that analyse one or a few markers at a time (van
den Berg et al., 2013). A Bayesian approach is advantageous compared to SSR
as there is no need to correct for errors arising from many thousands of tests.
Additionally, Bayesian approaches allow the incorporation of prior information
which may be used parameter estimation. Bayes theorem (Equation 1.1) is used
to combine prior beliefs with information from the data for inference. This may
be defined as follows:
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Equation 1.1 Bayes Theorem
[1.1]
This equation calculates the posterior distribution of hypothesis θ (i.e. estimated
SNP effect) given data y (i.e. prior information such as the genotypic data and
phenotypic data). The denominator, p(y), is a normalising constant that is
usually computationally intensive to calculate and can be dropped, which
changes the relation of the posterior distribution from equals to proportional to.
This results in a posterior distribution that is proportional to the probability of y
given θ (note that this is the likelihood of θ given data y) times the prior
probability of θ.
Markov Chain Monte Carlo (MCMC) sampling methods can then be
used to provide an approximation of the true posterior distribution. The Markov
chain, if properly constructed and after a sufficient amount of time, will
eventually converge to a region of the posterior and remain in that region
(Oszkiewicz et al., 2012)
Up until a few years ago, Bayesian approaches were difficult to
implement mainly due to computational constraints (Robert and Casella, 2011).
Nowadays, Bayesian approaches are routinely applied in many research fields
including computational biology (Feng et al., 2011; Oldmeadow and Keith,
2011) and phylogenetic inference (dos Reis and Yang, 2011; Drummond et al.,
2012). Bayesian inference approaches have also been applied to domestic
livestock in genetic prediction studies (e.g. Bolormaa et al., 2011; Fan et al.,
2011; Meredith et al., 2012; Saatchi et al., 2013).
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1.5.2.1 Convergence assessment
Convergence assessment relates to the idea that a Markov chain, given a
sufficient amount of time, will eventually convergence to a stationary
distribution from which posterior inference can be made (Oszkiewicz et al.,
2012). As early iterations in a Markov chain are often influenced by starting
values, which are values used to initiate the algorithm (usually referred to as
seeds), an initial portion of the Markov chain should be removed so as to reduce
potential bias or pollution of posterior inferences caused by the starting values
(Dodds and Vicini, 2004). Thus, all iterations before convergence should be
discarded as “burn-in”. Once convergence has been achieved, all further
samples should be concentrated from around the mode of the target distribution.
Convergence assessment is not a new element in Bayesian inference, and
several approaches have been extensively reviewed (see Cowles and Carlin,
1996; Brooks and Gelman, 1998; Brooks and Roberts, 1998).
However, implementation and interpretation of diagnostics for assessing
convergence is often difficult requiring custom scripting and arbitrarily defined
cut-offs. Graphical approaches are commonly employed as they can be easily
implemented in different Bayesian approaches, and can provide an easy way to
diagnose problems with lack of convergence (Nylander et al., 2008). Graphical
approaches, such as trace plots (also called history plots), entail plotting a
sampled parameter by the iteration number. In this way convergence can be
identified by a plateau in the estimated parameter as the number of iterations
increases. Importantly, no one diagnostic or metric can provide assurance of
convergence, and in general several metrics should be used to assess
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convergence of all parameters and not just those of interest (Cowles and Carlin,
1996).
Despite the establishment of convergence diagnostics in several research
fields (e.g. Nylander et al., 2008; Oszkiewicz et al., 2012), the use of
convergence diagnostics in genetic prediction of livestock species is still
relatively uncommon. In fact several authors fail to mention whether or not
convergence was even assessed (e.g. Olsen et al., 2011; Purfield et al., 2013). As
a consequence, the length of the burn-in and the total number of iterations to be
sampled is often chosen a priori.
1.5.3 GWAS for muscle growth in cattle
One of the main aims of GWAS is to improve understanding of the
genetic control of economically and biologically important traits. Unlike studies
in humans, where association analysis have the primary purpose of identifying
markers for disease (e.g. Klein et al., 2005), identification of QTL associated
with a particular trait in livestock is primarily for the purpose of genomic
prediction to improve selection for economically important traits (Goddard and
Hayes, 2007; Zhang et al., 2013b). Most association studies involving cattle
have focused on milk production, such as milk yield (Bagnato et al., 2008; Jiang
et al., 2010; Pryce et al., 2010). In spite of this, a number of studies in cattle
have identified associations between growth traits and regions of the bovine
genome. QTL associated with growth traits have been reported on chromosomes
2, 3, 5, 6, 14, 20 and 29 (Machado et al., 2003; Gutierrez-Gil et al., 2009;
McClure et al., 2010; Snelling et al., 2010; Bolormaa et al., 2011; Kim et al.,
2011).
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1.6 Thesis objectives
Bovine skeletal muscle is a tissue of significant economic importance to
the global economy. In spite of this, relatively little is known about the
mechanisms regulating different aspects of bovine muscle growth and
development. In particular, much of the underlying genomic architecture
involved in (i) several growth traits for selection (ii) the acute responses of
muscle tissue to nutrient restriction and re-alimentation and (iii) the long term
evolutionary changes differentiating dairy and beef breeds, has yet to be
elucidated.
Technological advances in recent years, such as in sequencing, have
facilitated the generation of vast amounts of information. This has enabled a
remarkable rise in research pertaining to increasingly complex questions. In
conjunction with this rise, new methods and approaches have been continually
developed to aid the analysis of such large data. Systems level approaches are
concerned not only with the analysis of increasingly large datasets, but also the
development of novel approaches to aid these analyses. With this in mind, the
aim of this thesis is to develop tools and approaches to assist bovine research,
and to examine the mechanisms underlying bovine muscle growth.
In recent years, SNP discovery has become highly automated and
relatively cheap. As such, vast amounts of SNPs are routinely identified in both
model and non-model organisms. However, annotating such large amounts of
genetic variants is often challenging, particularly for SNPs identified in non-
model organisms. There are currently few tools available that are species non-
specific or support non-model organism data. In chapter 2, the development and
implementation of SNPdat, a software tool for the annotation of SNPs found in
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any organisms with a reference sequence and annotation (including those in
draft status) is described. Using a bovine SNP dataset, the results and
annotations provided by SNPdat are demonstrated.
In Ireland, four traits related to carcass performance have been identified
as economically important; carcass weight, carcass fat, carcass conformation of
progeny and cull cow carcass weight. In chapter 3, a genome-wide association
study was undertaken to identify regions of the bovine genome associated with
each trait. Using genotypic and phenotypic data from 1,061 Holstein-Friesian
animals, two separate statistical approaches, a frequentist and a Bayesian, were
used to estimate marker associations. Regions surrounding significant
associations where then examined to identify key genes and pathways involved
in each trait.
Bayesian approaches in genetic association studies have grown in
popularity in recent years. Assessing convergence is an important aspect of
Bayesian inference. However, the use of diagnostics to assess convergence in
Bayesian models used for genetic prediction of complex traits in domestic
livestock remains unexplored. Chapter 4 pertains to the development of methods
to assess convergence in a Bayesian model used for genetic prediction of
complex traits. A number of metrics are put forward that could be used to assess
convergence in studies that use such models.
Compensatory growth is a complex response to increased energy
availability following prolonged periods of energy restriction. This phenomenon
is commonly observed across many species, however very little is known about
the genes or biological pathways controlling this response. In chapter 5, the
muscle transcriptome of cattle undergoing nutritional restriction and subsequent
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compensatory growth is examined with the objective of identifying key genes
and biological pathways involved in restricted and rapid muscle growth.
Since the domestication of cattle and the subsequent emergence of the
breed concept, cattle have been subjected to intense selection for milk and meat
production. Consequently, key genes involved in bovine growth may be
evolving at different rates in beef animals compared to animals used primarily
for dairy production. The objective of the study discussed in chapter 6 was to
identify genes, from a candidate list of 200, evolving at different rates, and
which may be under evolutionary selection pressure, in beef compared to dairy
animals.
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Chapter 2: SNPdat: Easy and rapid
annotation of results from de novo SNP
discovery projects for model and non-model
organisms
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2.1 Introduction
Single nucleotide polymorphisms (SNPs) are the most common genetic
variant found in vertebrates and invertebrates (Brookes, 1999; Black et al.,
2001; Cohuet et al., 2008). At present there are over 60 million reported SNPs
within the human genome which account for approximately 90 percent of all
variants detected (Kruglyak and Nickerson, 2001; Sherry et al., 2001). In fact,
there are over twenty organisms in the Ensembl (Flicek et al., 2012) database
with at least one known SNP in the dbSNP (Sherry et al., 2001) database (Table
2.1). Consequently, SNPs are regularly utilised as the favoured molecular
marker in association studies (WTCCC, 2007), genetic mapping (Hoskins et al.,
2001) and population genetics (Tishkoff and Verrelli, 2003).
In recent years, next-generation sequencing technologies have
dramatically increased the output of sequencing information that can be
garnered from a single sequencing project. As well as increasing the raw
information output, the costs associated with sequencing have fallen
considerably. One of the main uses of next-generation sequencing is to discover
variation among populations of related samples (Danecek et al., 2011).
Consequently, increased throughput and reduced costs have allowed researchers
to identify thousands of mutations, including rare variants, with potential
influence on phenotypic variation (Altshuler et al., 2000; Mullen et al., 2012).
More frequently non-bioinformatics researchers are required to perform analysis
of increasingly large datasets.
Disease susceptibility, agriculture and evolution are among the areas
concerned with understanding the influence SNPs have on biological function
and phenotypic variation of complex traits (Allan and Smith, 2008; Corona et
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al., 2010; Cutter and Choi, 2010). However, annotating large numbers of SNPs
with this type of information can prove daunting and impractical to perform
manually.
A number of bioinformatics tools for SNP annotation already exist (e.g.
SNPit (Shen et al., 2009), SNPnexus (Dayem Ullah et al., 2012), Snap (Li et al.,
2007), Snat (Jiang et al., 2011), SNP Function Portal (Wang et al., 2006),
SNPper (Riva and Kohane, 2002), Fans (Liu et al., 2008), FunctSNP (Goodswen
et al., 2010), Annovar (Wang et al., 2010)). Although there are over 50 reference
sequences for eukaryotic species available from Ensembl (release 65) (Flicek et
al., 2012), there are currently only a small number of tools that enable analysis
of non-human SNP data (e.g. Snat, Fans, FunctSNP, Annovar). Many tools that
are more general can only analyse species with SNP information in dbSNP and
some require that the SNPs being annotated already exist in dbSNP. For
example, FunctSNP allows the analysis of any organism contained in dbSNP.
However, only SNPs that have been provided with dbSNP reference identifiers
(rs#) and exact position can be processed. This limitation means that de novo
SNP analysis is not possible in these cases. Several tools try to circumvent this
problem by returning information for known SNPs surrounding the unknown.
This works well for densely sampled species like humans but is not a viable
option for almost all other species as SNP annotations are currently poor
compared to humans (Table 2.1).
To address the above limitations and to facilitate analysis of many
species not contained in SNP databases, we have developed SNPdat (SNP Data
Analysis Tool) (Doran and Creevey, 2013) (Electronic Appendix 2.1). SNPdat
is specifically for use with organisms which are not supported by other tools and
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may have a small number of annotated SNPs available, but can equally be used
to analyse datasets from organisms which are densely sampled for SNPs.
SNPdat is freely available on the web at http://code.google.com/p/snpdat/. This
software was designed with the goal that it must be efficient, flexible and easily
incorporated into users’ analyses.
Table 2.1 The number of SNP annotations (ss#) in dbSNP for species with a
reference sequence available from Ensembl and at least one SNP
annotation in dbSNP (build 137).
Species Annotations in dbSNP
Homo sapiens (Human) 60480978
Mus musculus (Mouse) 15721131
Pongo abelii (Orangutan) 10016093
Bos taurus (Cow) 9587248
Rattus norvegicus (Rat) 5227114
Canis familiaris (Dog) 3328578
Gallus gallus (Chicken) 3295452
Macaca mulatta (Macaque) 3041918
Taeniopygia guttata (Zebra Finch) 1751345
Pan troglodytes (Chimpanzee) 1660250
Danio rerio (Zebrafish) 1441888
Ornithorhynchus anatinus (Platypus) 1319269
Monodelphis domestica (Opossum) 1194131
Equus caballus (Horse) 1163580
Tetraodon nigroviridis (Tetraodon) 903110
Sus scrofa (Pig) 566003
Felis catus (Cat) 327037
Caenorhabditis elegans (C. elegans) 331438
Meleagris gallopavo (Turkey) 9256
Gadus morhua (Cod) 2140
Gasterosteus aculeatus (Stickleback) 1644
Callithrix jacchus (Marmoset) 10
Gorilla gorilla (Gorilla) 5
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2.2 Software Implementation
SNPdat is a cross-platform command line tool written in Perl, allowing
easy incorporation into existing SNP discovery or annotation pipelines or even
run by a user on a standard desktop machine. SNPdat runs on all operating
systems that support recent versions of Perl, including Linux, MacOSX and
Windows. Scripting languages such as Perl are particularly powerful at text
handling, which is an important consideration when dealing with large data files
such as those generated from sequencing. Because of this, SNPdat can provide a
rapid and comprehensive annotation of both novel and known SNPs for any
organism with a draft sequence and annotation.
Many available tools require the user to create a local database before
SNP annotation can be performed (e.g. FunctSNP, Snat, Annovar, SNPper).
However, this process is not practical in all cases or straightforward enough for
inexperienced users. For example, to perform SNP annotation using FunctSNP,
users must first supply a list of Uniform Resource Locators (URLs) linked with
online resource data files and then download them. They must then decompress
any of these files matching specific suffixes, convert the data to SQL format to
be imported to a SQLite database. This is time consuming and difficult for users
inexperienced in bioinformatics to annotate even one SNP.
Additionally, some tools (Annovar, Snat) involve a number of pre-
processing steps to parse and reformat either sequence or annotation files. This
can be a difficult and confusing step for novice users, especially when dealing
with non-model organisms. SNPdat does not require the creation of any local
relational databases or pre-processing of any mandatory input files. Figure 2.1
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contains an overview of how to use SNPdat and any additional scripts that are
included in the SNPdat package.
Figure 2.1 Overview for using SNPdat and additional scripts available. (A)
Retrieval of GTF and FASTA information using GTF_FASTA_finder.pl. (B)
Retrieval and processing of data from dbSNP using dbSNP_finder.pl and
SNPdat_parse_dbSNP.pl. (C) Command line options used to specify
input/output files for SNPdat.
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2.2.1 File Formats
SNPdat requires only three input files; a variant call formatted (VCF) file
or a simple tab delimited text file (containing chromosome ID, genomic location
and the mutation for each SNP to be analysed) as the SNP input file, a reference
FASTA formatted sequence file for the species of interest, and a gene
annotation file in GFF/GTF format (Table 2.2). The variant call format is a
generic format for storing DNA polymorphism data such as SNPs, insertions,
deletions and structural variants (Danecek et al., 2011). Many SNP discovery
tools, such as the Genome Analysis Toolkit (GATK) (McKenna et al., 2010),
now report SNPs in VCF format. FASTA format is the standard format for
representing nucleotide sequences in bioinformatics. The format is a simple text-
based format in which nucleotides are represented using a single letter code (A,
T, C, G). GTF files are a standard format for storing information on gene
structure. GTF files define genomic structures as features. Typical features
include coding sequences (CDS), exons, start and stop codons. Additional
features may include untranslated regions (UTRs), introns and microRNAs.
Both FASTA and GTF files are available from Ensembl for over 50 eukaryotic
species.
Optional files include a processed file of SNP information from other
databases such as dbSNP. SNPdat uses the extra information provided by this
file to cross reference de novo SNPs against known annotations. Separate scripts
are provided to automate the retrieval and format the data for any organisms
with SNP information in dbSNP.
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Table 2.2 GTF file format specification.
Column Title Description Example
seqname The name of the sequence. Must be a chromosome or scaffold Chr25
source The source of the annotation. Typically the program that generated this feature curated
feature The name of this type of feature. Some examples of standard features types are
"CDS", "exon" exon
start The starting position of the feature in the sequence. The first base is numbered 1 286859
end The ending position of the feature (inclusive) 287050
score For annotations that are associated with a numeric score (for example, a sequence
similarity), this field describes the score. The score units are completely
unspecified, but for sequence similarities, it is typically percent identity.
Annotations that do not have a score can use "."
.
strand For those annotations which are strand-specific, this field is the strand on which
the annotation resides. It is "+" for the forward strand, "-" for the reverse strand,
or "." for annotations that are not stranded.
+
frame For annotations that are linked to proteins, this field describes the reading frame
of the annotation on the codons. It is a number from 0 to 2, or "." for features that
have no phase.
2
Attributes An attribute list that must begin with the two mandatory attributes gene_id and
transcript_id. All attributes are separated by semi colon and a single space
gene_id "ENSBTAG00000016571";
transcript_id
"ENSBTAT00000022045"; protein_id
"ENSBTAP00000022045";
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Additional scripts which automate the retrieval of GTF, FASTA and
dbSNP information are described in the following sections and are available
from the SNPdat webpage (http://code.google.com/p/snpdat/).
2.2.2 Retrieval of GTF and FASTA information
For many researchers that are not familiar with bioinformatics pipelines,
knowing how, and where, to get sequence and annotation information can prove
difficult. An additional script (GTF_FASTA_finder.pl) (Electronic Appendix
2.2) is provided to retrieve FASTA and GTF information for any of the
organisms in Ensembl (Figure 2.1A). This is written in Perl but uses the system
call cURL to retrieve the information from Ensembl. This script requires and
internet connection. cURL is a part of most Linux distributions and Mac OSX
and can also be provided for windows through cygwin, which is a collection of
tools that provide a Linux-like environment for windows. This script is
interactive; when run it prompts the user to select a release of Ensembl followed
by an organism in that release. The GTF and FASTA files for that organism will
be downloaded to the directory from which the script is run. Alternatively, GTF
and FASTA information can be retrieved manually via the Ensembl website.
SNPdat also works with genomic annotations from sources other than Ensembl
as long as they are provided in GTF format. This includes the results of
computationally derived annotations of de novo genomic assemblies or
transcriptomes.
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2.2.3 Retrieval of information from external databases
Another script (dbSNP_finder.pl) (Electronic Appendix 2.3) was also
developed to aid retrieval of information from the dbSNP database. This script
retrieves SNP information for any organism contained in dbSNP (Figure 2.1B).
This script also uses the cURL system call and requires a connection to the
internet. Once run, the user is prompted to select an organism from all of those
currently with SNP information in dbSNP. The SNP information is then
retrieved for that organism. SNP information from dbSNP can also be
downloaded manually from the dbSNP ftp site. When dbSNP information has
been retrieved, an additional script (SNPdat_parse_dbsnp.pl) can be used to
convert the dbSNP file into a format suitable for use with SNPdat.
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2.3 Running SNPdat
To run SNPdat, the user specifies the input/output files and desired
options with a single command (Figure 2.1C). In the case of malformed
commands, SNPdat will print an error message to the screen and a short
example of how the correct command should look. To ensure ease of use,
SNPdat does not require the user to install any additional packages or modules
and only uses modules included in the core installation of Perl.
Initially SNPdat reads the annotation information into memory from the
GTF file. Each SNP is checked for errors such as non-numeric SNP locations
and any warnings are printed to the output. All chromosome names provided by
the user are compared against the annotation file. A warning message is printed
to the output file for every SNP location or chromosome provided which does
not exist in the annotation. Once all SNPs have been parsed, SNPdat will read
the FASTA file one chromosome at a time. SNPdat will then perform
annotations for all SNPs from the input file that are found on the current
chromosome of the FASTA. Figure 2.2 contains an overview of each of the
possible locations that a queried SNP can be found in. To save on memory usage
and time, any chromosomes that do not appear in the list of queried SNPs are
skipped.
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Figure 2.2 Each of the possible annotation cases that SNPdat can handle. A
SNP location is shown as the red line. All annotations are relative to the SNP
location. (A) The SNP is found in a single feature. Any SNPs in case A will be
annotated to a single feature. (B) The SNP is intergenic, but only has one feature
that is closest. In this case all annotations for the SNP are relative to the closest
feature. (C) The SNP is intronic, all annotations for the SNP are relative to the
closest feature for the gene containing both features. (D) The SNP is
equidistance from 2 or more features; in this case the SNP information is
retrieved for each feature and returned on a separate line in the output file. (E)
The SNP is found in two different features. SNP information for each of the
features is retrieved and reported on separate lines of the output file. These lines
of the output file will also report the number of features that a SNP was found
in. (F) The SNP is found in 3 or more features. SNP information for each of the
features is retrieved and reported on separate lines of the output file.
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Output from SNPdat is presented in an easily accessible tab-delimited
format containing up to 25 columns of information on each SNP queried.
SNPdat returns information on the genomic location of each SNP queried,
including information on the distance to the nearest coding regions and other
annotated sequence features, what those features are and where they start and
finish (see Table 2.3 for more details). SNPdat contains algorithms for
estimating information when not provided either the genome file or the
annotation file such as the total number of exons for each transcript containing a
SNP; the estimated reading frame, using the number of stop codons in each
reading frame as a proxy (Figure 2.3), whether or not the region containing the
SNP is exonic, intronic or intergenic and distances to coding regions for intronic
and intergenic SNPs.
Any queried SNP that does not have sequence information in the FASTA
file but has information in the GTF are still annotated by SNPdat. However, the
returned information is limited to the first 17 columns and columns 23, 24 and
25 of the output file (Table 2.3).
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Table 2.3 Summary description of the annotations provided by SNPdat.
Column
Number Description Example
1 The queried SNPs chromosome ID CHR25
2 The queried SNPs genomic location 286966
3 Whether or not the SNP was within a
feature Y
4 Region containing the SNP; either exonic,
intronic, or intergenic Exonic
5 Distance to nearest feature NA
6 Either the closest feature to the SNP or the
feature containing the SNP CDS
7 The number of different features that the
SNP is annotated to 2
8 The number of annotations of the current
feature [1/1]
9 Start of feature (bp) 286859
10 End of feature (bp) 287050
11 The gene ID for the current feature ENSBTAG00000016571
12 The gene name for the current feature ITFG3_BOVIN
13 The transcript ID for the current feature ENSBTAT00000022045
14 The transcript name for the current feature ITFG3_BOVIN
15 The exon that contains the current feature
and the total number of annotated exons
for the gene containing the feature
[3/11]
16 The strand sense of the feature +
17 The annotated reading frame (when
contained in GTF) 2
18 The reading frame estimated by SNPdat NA
19 The estimated number of stop codons in
the estimated reading frame 0
20 The codon containing the SNP, position in
the codon and reference base and
mutation
C[C/G]T
21 The amino acid for the reference codon
and new amino acid with mutation in
place
[P/R]
22 Whether or not the mutation is
synonymous N
23 The protein ID for the current feature ENSBTAP00000022045
24 The RS identifier for queries that map to
known SNPs rs134558771
25 Error messages, warnings etc NA
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Figure 2.3 Each of the six possible reading frames for a given sequence.
SNPdat counts the number of stop codons (coloured in red) in each reading
frame and identifies the reading frame with the smallest number of stop codons
as the correct reading frame for that feature. The last codon will be ignored as a
stop is expected here. In the above, reading frame +1 will be chosen by SNPdat.
2.3.1 Non-coding SNPs
Next, all intronic and intergenic SNPs are identified and processed. The
nearest feature to a non-coding SNP is identified and relevant data, such as the
distance to the feature, feature IDs, strand sense, start and end position, is
retrieved. If the SNP is equidistance from more than one feature, a separate line
for each feature will be reported. Column seven of the output file contains the
number of features reported for a SNP (Table 2.3).
2.3.2 Coding SNPs
All features that a SNP occurs in are identified and printed to separate
lines. Information calculated and retrieved for a feature containing a SNP is
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contained in columns 9-17 of the output file (Table 2.3). Columns 18-22 contain
information estimated from the sequence of the feature such as the reading
frame (Figure 2.3), the position in the codon, reference and mutant amino acid
and whether or not the SNP is synonymous. The estimated reading frame is
relative to the strand sense of the feature. If no strand sense is available from the
GTF, SNPdat assumes that the strand sense is positive. To estimate the reading
frame, when none is provided in the GTF file, SNPdat will extract the sequence
and count the number of stop codons (excluding the last codon position) in each
of the 6 possible reading frames. The reading frame with the smallest number of
stop codons is chosen as the correct reading frame for the feature. In the event of
a tie between two or more reading frames, SNPdat will chose the reading frame
closest to the first reading frame of the feature strand sense.
Finally, all SNPs are cross referenced against information retrieved from
external databases such as dbSNP. SNPs that do not have sequence information
in the FASTA file but have information in the GTF are still annotated by
SNPdat. However, the returned information is limited to information which can
be returned without reference to the DNA sequence (columns 1 to 17 and 23 to
25). This includes information from external databases. See Table 2.3 for more
details.
2.3.3 Advanced options
There are also a number of advanced features available for use with
SNPdat. There is also an advanced option available for SNPdat users; “feature
boundary crossing”. When annotating SNPs to features, should a SNP occur in
the last position of the feature but the first position of the codon for that reading
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frame, SNPdat will by default return the base and question marks for the bases
outside of the feature region. However, sometimes users will want to extract this
extra information from the next feature in the transcript (Figure 2.4). SNPdat,
can do this with the ‘-x’ option.
Figure 2.4 Annotation of codon spanning two features using the –x option.
A mutation from T to A at the first position of the eighth codon, causing an
amino acid change from phenylalanine to isoleucine. By default SNPdat would
not return the amino acid change as the codon spans two features. With the –x
option enabled, information will be retrieved from the both features to complete
the SNP annotation to the correct codon.
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2.4 Annotation of SNPs discovered using high-throughput DNA
sequencing
To demonstrate SNPdat’s ease of use, de novo SNPs discovered by
Mullen et al.(2012) were annotated using SNPdat. As a comparison, Annovar
was also used to analyse this dataset.
2.4.1 Materials and Methods
This dataset consisted of 4,566 SNPs discovered using high-throughput
DNA sequencing of target enriched pooled DNA samples of 83 genomic regions
from groups of dairy cattle. The SNPs included both novel and putative variants
from 28 chromosomes including the X chromosome.
2.4.1.1 Retrieval of FASTA and GTF information
For SNPdat: EnsGene annotation and FASTA sequence files for Bos
Taurus were retrieved from the University of California Santa Cruz (UCSC) ftp
site (Meyer et al., 2013). A GTF version of the ensGene annotation file was
supplied to SNPdat along with the FASTA file. SNPdat does not require any
pre-processing steps and so both of these files were used as input for the
software.
For Annovar: The same annotation and FASTA files were retrieved for
use with Annovar. The FASTA file was pre-processed to create a sequence file
using information from both the FASTA file and ensGene annotation file. The
new sequence file and original ensGene file were then supplied as input for
Annovar.
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2.4.2 Results
Both tools annotate SNPs to coding regions (CDS), 3 prime untranslated
regions (UTR), 5 prime UTR, intronic and intergenic regions (Table 2.4).
SNPdat annotated SNPs to a larger number of features and transcripts (11,987
known features). Both tools identified mutations leading to stop gains, stop
losses and other non-synonymous changes. However, from the SNPdat output
file it was possible to estimate information about the annotations that was not
possible from the Annovar output (Figure 2.5). Additionally, the output from
SNPdat is a simple tab-delimited format with the same number of columns in
every row. This meant that the results from SNPdat could be easily imported
into other software, such as R (R Development Core Team, 2011), for further
analysis.
Both Annovar and SNPdat annotated 299 SNPs in coding regions to a
total of 382 transcripts. Of these, 231 SNPs were non-synonymous and 151
SNPs were synonymous mutations (Figure 2.5A). From the SNPdat output file it
was possible to determine upstream and downstream distances for SNPs to
coding regions (Figure 2.5B). Also, from the SNPdat output file it was
determined that 96, 103 and 32 non-synonymous SNPs occurred in the first,
second and third codon position, respectively (Figure 2.5C). SNPdat and
Annovar both found a large proportion (77%) of intergenic SNPs were within
2,000 base pairs of coding regions. Additionally, from the SNPdat output file it
was determined that 39% of intronic SNPs were within a 1,000 base pair region
surrounding exons (Figure 2.5D).
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Table 2.4 The number of SNPs annotated to different regions by SNPdat
and Annovar. Misc features include non-coding RNA and splicing. These
features were not included in the GTF version of the ensGene annotation file
and so SNPdat was unable to identify them as such.
Region SNPdat Annovar
Coding 299 299
3 prime UTR 108 105
5 prime UTR 29 28
Intronic 3285 3284
Intergenic 845 845
Misc. 0 5
Total 4566 4566
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Figure 2.5 Sample of plots obtained using the results of SNPdat. (A) The
number of non-synonymous (black) and total number of exonic SNPs (grey)
found on each chromosome. (B) Distances of intergenic SNPs, upstream (black)
and downstream (grey) to the nearest transcripts. (C) Synonymous versus non-
synonymous SNPs: 231 exonic SNPs were non-synonymous. 96 (41.56%) in the
first codon position, 103 (44.59%) in the second codon position and 32
(13.85%) in the third codon position. (D) Distances of Intronic SNPs to the
nearest exon.
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2.5 Discussion
Next-generation sequencing is a growing research area, generating huge
amounts of information. As datasets continue to grow and more species have
their genomes sequenced, tools needed for rapid annotation of newly discovered
SNPs will become increasing important. The rationale behind SNPdat is to
provide a simple to use tool for researchers annotating the results of de novo
SNP discovery projects. It is especially intended for use by researchers with
limited bioinformatic experience.
Future updates of SNPdat will most likely include additional options for
handling large datasets. For example, SNPdat would be a very good candidate
for a parallelised version. Because SNPdat annotates each SNP individually,
input files could be split on-the-fly and each portion analysed separately by a
single processor before the results are collated at the end. Currently, this can be
done manually by the user.
SNPdat can provide a valuable insight into the functional roles
associated with discovered SNPs and cross reference information with external
sources. As a command line tool it can easily be incorporated into existing SNP
discovery pipelines and fills a niche for analyses involving non-model
organisms that are not supported by many available SNP annotation tools.
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Chapter 3: Whole genome association study
identifies regions of the bovine genome and
biological pathways involved in carcass trait
performance in Holstein-Friesian cattle
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3.1 Introduction
Animal growth is an economically important trait for livestock raised for
meat production. Carcass traits, related to animal growth, are critical to the
biological and economical efficiency of cattle production and, as such, there is
great interest in understanding the underlying genomic architecture influencing
these traits. Four traits related to carcass performance have been identified as
economically important in Irish beef production: carcass weight, carcass fat,
carcass conformation of progeny and cull cow carcass weight. Quantitative trait
loci (QTL) associated with a particular trait can be used to predict disease risk or
genetic merit of an animal (Wray et al., 2007; de Roos et al., 2011). This
information may also be used to investigate the molecular mechanisms and
biological pathways involved in phenotypic variation between animals.
Investigating complex traits in domestic animals may also provide insights into
mechanisms underlying similar traits, such as growth and fat deposition, in
humans.
Holstein-Friesian cattle are a popular breed of cow primarily used for
their ability to produce large amounts of milk. However, Holstein-Friesian cattle
are also an important source of meat for beef production and exports. A number
of studies in cattle have identified associations between carcass traits and
regions of the bovine genome. Carcass trait QTL have been reported on
chromosomes 2, 3, 6, 14, 20 and 29 (MacNeil and Grosz, 2002; Kim et al.,
2003; McClure et al., 2010). However, most studies reporting carcass QTL have
been performed using beef breeds such as Aberdeen Angus (McClure et al.,
2010). Although many studies have reported carcass QTL in regions containing
genes with a known role in animal growth such as the myostatin gene on bovine
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chromosome 2 (Grobet et al., 1997; McPherron and Lee, 1997), little is known
about the mechanisms or underlying biological pathways involved in growth or
carcass traits. Moreover, many of the reported QTL have been identified using
raw phenotypic data which is subject to environmental influences such as high
levels of nutrition. Unlike raw phenotypic data, measures of genetic merit
account for the additive genetic effects that are responsible for performance of
an animal (Vanraden et al., 1990). Few studies have investigated the association
of SNP genotypes with carcass performance utilizing measures of genetic merit
estimated in dairy breeds.
The objective of this study was to identify regions of the bovine genome
associated with carcass performance traits using two statistical approaches. A
single marker regression and multi-locus Bayesian approach were used to
estimate the marker associations. Regions found associated with a trait were
then further investigated to identify the potential causal pathways and biological
processes underlying each trait.
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3.2 Materials and Methods
3.2.1 Ethics statement
Semen samples for genotyping were collected by the Irish Cattle
Breeding Federation (ICBF) and partner artificial insemination organisations.
All animal procedures were carried out according to the provisions of the Irish
Cruelty to Animals Act (licenses issued by the Department of Health and
Children).
3.2.2 Genotypic data
Genotypes of 54,001 biallelic single nucleotide polymorphism (SNP)
markers from 5,706 Holstein-Friesian sires were available for use in this study.
All genotyping was carried out using the Illumina Bovine SNP50 version 1
Beadchip (Illumina Inc., San Diego, CA; (Matukumalli et al., 2009)). SNP
positions were based on the Btau 4.0 assembly of the bovine genome. All SNPs
on the X-chromosome or with an unknown position in the genome were
removed from the dataset. Quality filtering was then undertaken to remove
SNPs with inconsistent Mendelian inheritance patterns from sire to progeny. All
SNPs that had a minor allele frequency of less than 5% were also discarded. If a
SNP had greater than 5% of calls missing, it was excluded from further analysis.
Also, SNPs that failed to distinctly cluster into homozygous and heterozygous
calls were removed. A total of 42,477 SNPs remained for analysis after quality
filtering.
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3.2.3 Phenotypic data
Phenotypes for four economically important carcass traits were used in
this study; carcass weight, carcass fat, carcass conformation of progeny and cull
cow carcass weight. Carcass weight refers to the cold weight of the carcass
taken within 2 hours of slaughter after being bled and eviscerated, and after
removal of skin, external genitalia, the limbs at the carpus and tarsus, head, tail,
kidneys and kidney fats and the udder. Progeny carcass weight (CWT) is the
carcass weight of a sire’s offspring/progeny measured on males from 300-1200
days and females from 300-875 days of age (females which have not produced a
calf). Progeny carcass fat (CFAT) is the quantity of fat on the carcass of the
slaughtered animal. Progeny carcass conformation (CONF) is the thickness of
muscle on the carcass of the slaughtered animal. Cull cow carcass weight
(CULL) refers to the carcass weight of a dairy or beef cow slaughtered for meat
at the end of her productive life. Cows are aged between 875 and 4000 days of
age. Phenotypes for each of these traits are published as predicted transmitting
abilities (PTAs), which are sire genetic merit based not on the sires themselves
but on the performance of their progeny across multiple generations. The Irish
Cattle Breeding Federation calculated PTAs and their respective reliabilities
were available for all animals used in this study. Genotypic and phenotypic data
for all animals utilized in this study can be requested from the Irish Cattle
Breeding Federation (ICBF). The Irish Cattle Breeding Federation database
identifiers for all animals used in this study are contained in Electronic
Appendix 3.1. These animals were representative of the Holstein-Friesian
population in Ireland. Phenotypic edits were then applied to the animals. An
adjusted reliability was estimated for each animal by removing the parental
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contribution to reliability as described by Harris and Johnson (1998). For each
trait separately, animals with an adjusted reliability (reliability less parental
contribution) of <70% were removed. Following removal of animals with a low
adjusted reliability, 1061 animals remained for further analysis. Summary
statistics for each of the phenotypes, following removal of animals with an
adjusted reliability of <70%, are in Table 3.1.
Table 3.1 Summary statistics for the phenotypic data. Summary statistics
include the total number of phenotype records (N), minimum value, maximum
value, mean and standard deviation (σ) for each trait. Phenotypes are expressed 
as predicted transmitting abilities.
Trait N Min Max Mean σ 
Carcass Weight 941 -26.38 13.88 -4.07 6.39
Carcass Fat 768 -0.72 0.62 -0.11 0.23
Carcass conformation 936 -1.62 0.46 -0.67 0.31
Cull cow carcass weight 763 -29.44 29.65 0.33 8.28
3.2.4 Statistical analyses
Two statistical approaches, a frequentist and Bayesian approach, were
used to estimate associations between SNPs and each trait separately.
3.2.4.1 Single SNP regression
The single SNP regression (SSR) model included each SNP separately as
a continuous variable in a linear animal mixed model using ASReml (Gilmour et
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al., 2009b). The individual animal was included as a random effect.
Relationships between animals were accounted for using the additive genetic
relationship matrix. Pedigree information consisted of 6,854 animals. The
dependent variable was de-regressed PTA. Marker effects and associated P-
values for each SNP were obtained from the analysis. P-values were adjusted to
correct for errors arising from multiple testing using a false discovery rate
(FDR) approach (FDR < 0.05) described by Storey and Tibshirani (2003). This
procedure was carried out using the q-value package in R. Resultant q-values
<0.05 were defined as significant. Genomic co-ordinates, identifier information
and q-values for all SNPs in the analysis are contained in Electronic Appendix
3.2.
3.2.4.2 Bayesian approach
The second statistical approach utilized the Bayesian mixture model
“BayesB” as described by Meuwissen et al (2001). This model allows the
incorporation of prior knowledge about the distribution of SNPs effects. An
inverse chi-squared distribution (v = 4.234, S = 0.0429) was included in the
model as the prior distribution of the mean and genetic variation of each SNP
included in the model.
A prior value was assigned to π which quantifies a prior probability of 
association (1 - π) for each SNP. As this prior probability is assigned to all SNPs 
in the analysis, it reflects the prior proportion of SNPs assumed to be associated
with a particular trait. Analyses were run with alternative prior proportions
assumed to be associated with a particular trait (1- π) ranging from 0.05 to 
6.25×10-5.
76
Additional analyses were also performed using the proportion of non-
significant (q ≥ 0.05) SNPs that were estimated from the SSR analysis (pSSR), 
and half and double this value, to determine π. This was then used to quantify a 
prior proportion of SNPs assumed to be associated with each trait (1 – π). A 
total of eleven analyses were run for each trait. Markov Chain Monte Carlo
(MCMC) chains were used to sample every 500th iteration from the posterior
distribution of SNP effects. Total iterations for each analysis are contained in
Table 3.2.
Table 3.2 Maximum iterations each Bayesian analysis was run for.
(1 – π) = prior proportion of SNPs assumed to be associated with a trait; pSSR = 
the proportion of SNPs not significant from single SNP regression analysis. One
minus this value is the prior proportion of SNPs assumed to be associated with
each trait; CWT = carcass weight; CFAT = carcass fat; CONF = carcass
conformation; CULL = cull cow carcass weight
1 - π CWT CFAT CONF CULL 
1 - pSSR/2 800,000 950,000 850,000 700,000
1 - pSSR 800,000 950,000 850,000 700,000
1 - pSSR*2 800,000 950,000 850,000 700,000
6.25×10-5 600,000 700,000 600,000 700,000
1.25×10-4 600,000 700,000 600,000 700,000
2.5×10-4 550,000 650,000 600,000 700,000
5.0×10-4 600,000 700,000 600,000 700,000
1.0×10-3 400,000 500,000 400,000 450,000
2.45×10-3 450,000 500,000 400,000 500,000
1.0×10-2 400,000 500,000 400,000 550,000
5.0×10-2 400,000 500,000 400,000 500,000
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3.2.4.3 Convergence testing and confirmation
In any MCMC analysis, convergence of the model must be confirmed
before making any posterior inferences. The convergence diagnostics used in
this chapter will be discussed in greater detail in Chapter 4. For each of the
analyses in this chapter, convergence of the model was confirmed by visual
inspection of summed absolute log-likelihood values. All sampled iterations
before convergence were discarded as burn-in. The number of iterations
discarded as burn-in for each analysis is contained in Table 3.3. From the
remaining sampled iterations, posterior probabilities (PPs) of association were
calculated for each SNP. A PP is the number of sampled iterations after burn-in
that a SNP had a non-zero effect divided by the total number of sampled
iterations after burn-in. The PP is indicative of the probability that a SNP is
associated with a phenotype. A PP of zero indicates a low probability of
association whereas a PP of 1 indicates a high probability of association. SNPs
with a PP>0.5 were defined as high PP SNPs.
To ensure that convergence was successfully achieved, a secondary
check for model convergence was performed by quantifying and plotting the
total number of SNPs that had a PP>0.5 at each iteration. The resultant trace plot
was visually inspected to determine if the MCMC chains had run long enough to
have confidence that all high PP SNPs had been identified.
A third check for model convergence was carried out. This was to ensure
that not only had the posterior probabilities converged, but also the estimated
marker effects for each SNP. The combined difference between the estimated
SNP effect of those SNPs with a PP>0.5 from the Bayesian approach and the
SNP effect for the same set of SNPs as estimated using the SSR approach was
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calculated using a Euclidean distance. Visual inspection of the trace plot
produced by plotting a Euclidean distance at each iteration confirmed
convergence of this model parameter.
Table 3.3 Initial iterations discarded as burn-in from each Bayesian
analysis. (1 – π) = prior proportion of SNPs assumed to be associated with a 
trait; pSSR = the proportion of SNPs not significant from single SNP regression
analysis. One minus this value is the prior proportion of SNPs assumed to be
associated with each trait; CWT = carcass weight; CFAT = carcass fat; CONF =
carcass conformation; CULL = cull cow carcass weight
1 - π CWT CFAT CONF CULL 
1 - pSSR/2 107,000 126,500 102,500 192,000
1 - pSSR 122,000 102,000 163,500 109,500
1 - pSSR*2 277,000 77,000 211,500 54,000
6.25×10-5 132,000 63,500 58,000 65,000
1.25×10-4 135,500 74,500 58,500 136,500
2.5×10-4 213,000 99,500 102,000 182,500
5.0×10-4 175,000 128,500 60,000 83,500
1.0×10-3 52,500 130,500 90,000 131,500
2.45×10-3 57,500 94,500 120,500 69,500
1.0×10-2 106,000 121,000 73,000 50,500
5.0×10-2 51,500 150,500 195,000 156,000
3.2.4.4 Identifying significant associations using the Bayesian approach
For each analysis, once convergence had been confirmed and the burn-in
discarded, a PP was calculated for each SNP. For each trait separately, high PP
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(PP>0.5) SNPs for each of the eleven analyses (1 - π = 1- pSSR/2, 1 - pSSR, 1 - 
pSSR × 2 and 0.05-6.25×10-5) were identified. The number of analyses that a
SNP had a PP>0.5 across the 11 analyses was calculated and assigned to a SNP
as its occurrence rate.
For each of the eleven analyses within a trait, an average occurrence rate
was calculated by summing the individual SNP occurrence rates of SNPs with a
PP>0.5 and dividing this value by the total number of SNPs with a PP>0.5. The
analysis with the highest average occurrence rate was then identified (Table
3.4). All SNPs with a PP > 0.5 within the analysis with the highest average
occurrence rate were then considered significantly associated with the respective
trait. This was done for each trait separately, resulting in 4 datasets of
significantly associated SNPs corresponding to each trait under investigation
(Electronic Appendix 3.2). Each dataset represented the analysis with the largest
number of frequently occurring high PP SNPs for each trait.
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Table 3.4 Average occurrence rate of high PP SNPs for each Bayesian
analysis. (1 – π) = prior proportion of SNPs assumed to be associated with a 
trait; pSSR = the proportion of SNPs not significant from single SNP regression
analysis. One minus this value is the prior proportion of SNPs assumed to be
associated with each trait; CWT = carcass weight; CFAT = carcass fat; CONF =
carcass conformation; CULL = cull cow carcass weight
1 - π CWT CFAT CONF CULL 
1 - pSSR/2 4.23 2.38 1.37 3.94
1 - pSSR 5.5 1.79 1.34 5.13
1 - pSSR*2 5.07 2 1.18 3.56
6.25×10-5 5.75 2.67 3.33 3
1.25×10-4 4.42 1.33 2.43 3.62
2.5×10-4 4.89 2.42 2.14 4.25
5.0×10-4 3 2.2 2.06 4.5
1.0×10-3 3.28 1.52 1.94 3.25
2.45×10-3 2.79 1.49 1.63 3.07
1.0×10-2 2.27 1.45 1.27 4.75
5.0×10-2 1.33 1 1.05 1
3.2.5 Identification of significant SNPs in known QTL
Significant SNP positions from both methods were compared to known
QTL regions from cattle QTLdb (Hu et al., 2007). Search terms used to retrieve
QTL regions for each trait were “carcass weight”, “carcass fat percentage” and
“carcass muscle percentage”. Boundaries for known QTLs were defined by
using the “QTL Span” values from cattle QTLdb. The retrieved file was
modified to imitate a GTF file format using in-house Perl scripts. SNPs were
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assigned to a QTL using SNPdat (Doran and Creevey, 2013) if they occurred
within the boundary of that QTL.
3.2.6 Pathway analysis
Four datasets, corresponding to each trait, were created by identifying all
bovine genes within a 500kb region up and downstream of SNPs found
significantly associated with a trait using the Bayesian method. To investigate
the combined role that some pathways may have on each of these traits, a
combined trait dataset containing all genes from each of the individual trait
datasets was also created. The genes in each of these five datasets (each
individual trait and the combined trait datasets) were then mapped to their
human orthologs using the mapping available from version hg19 of the human
genome. For each dataset, the R (The R Project) package GOSeq (Young et al.,
2010), without the correction for gene length bias, was used to identify the
KEGG (Kanehisa et al., 2012) pathways which were significantly over-
represented by the set of genes (p< 0.05) compared against a background of all
genes in the human genome.
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3.3 Results
3.3.1 Significant Associations
3.3.1.1 Carcass weight
Using the SSR method, two SNPs were associated (q<0.05) with carcass
weight. These SNPs were on chromosomes 3 and 19 (Figure 3.1).
In the Bayesian analysis, eleven SNPs were associated with CWT
including two SNPs on chromosome 3, within 2.5 Mb of each other (Table 3.5).
Only one of the 11 SNPs was associated with carcass weight and at least one of
the other three carcass traits. This SNP, on chromosome 6 (~85Mb), was
associated with both carcass weight and carcass conformation using the
Bayesian method. None of the SNPs identified as associated with carcass weight
were common to both statistical approaches.
Table 3.5 The number of SNPs that were significantly associated with each
trait from the single SNP regression (SSR) or Bayesian analysis. SNPs with
a q-value <0.05 from the SSR analysis were considered significantly associated
with a trait.
Trait SSR Bayesian
Carcass Weight 2 11
Carcass Fat 25 6
Carcass conformation 483 12
Cull cow carcass weight 48 15
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Figure 3.1 Genome-wide association results from the single SNP regression
are plotted for each trait. Results for SNPs on all autosomal chromosomes are
plotted as negative log transformed q-values. The red continuous line indicates a
significance threshold of 1.3 (q<0.05). Odd numbered chromosomes are plotted
in black and even numbered in grey.
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3.3.1.2 Carcass fat
Using the SSR approach, 25 SNPs were associated (q<0.05) with carcass
fat (Table 3.5). The most significantly associated SNP from this analysis (q =
8.45 ×10-5), rs109514593, was located on chromosome 8 at ~22 Mb (Figure
3.1), while another SNP (rs41607785) approximately 1 Mb away from
rs109514593, was also associated with carcass fat. Five SNPs were associated
with both carcass fat and cull cow carcass weight. One SNP, rs109776183, was
associated with both carcass fat and carcass conformation.
Using the Bayesian method 6 SNPs were associated with carcass fat.
Each of these SNPs were on different chromosomes of the genome. One SNP
(rs29011003) on chromosome 3 was associated with carcass fat using both the
Bayesian and SSR methods. This SNP was located approximately 600 kb away
from rs43359171, which was also associated with carcass fat using the SSR
approach.
3.3.1.3 Carcass conformation
A total of 483 SNPs were associated (q < 0.05) with carcass
conformation in the SSR analysis (Table 3.5). Significant SNPs for carcass
conformation were located on all chromosomes (Figure 3.1). There were 27
SNPs that showed a strong association with this trait (q<0.005), the most
significant (q = 3.787 × 10-4) of which was on chromosome 20. This SNP,
rs41580285, resided within a cluster of 5 strongly associated SNPs (q<0.005),
all of which were less than 1 Mb away from the growth hormone receptor
(GHR) gene.
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Twelve SNPs were associated with carcass conformation in the Bayesian
analysis. Four of these SNPs were also associated with carcass conformation
using the SSR approach. One of these SNPs was strongly associated with
carcass conformation (q<0.005) using the SSR method. One SNP, located on
chromosome 6, was also associated with carcass weight using the Bayesian
method.
3.3.1.4 Cull cow carcass weight
A total of 61 SNPs were associated with cull cow carcass weight using
either the Bayesian or SSR method (Table 3.5). Of these, 48 SNPs were
associated (q<0.05) with cull cow carcass weight using the SSR method (Figure
3.1). One SNP, rs41935177, was detected as being associated (q<0.005) in both
the SSR and Bayesian method. Seven SNPs from this analysis were associated
with cull cow carcass weight and another trait (5 SNPs were associated with
carcass fat and 2 with carcass conformation) using the SSR approach.
Fifteen SNPs were associated with cull cow carcass weight in the
Bayesian analysis. Two of these SNPs, rs109184437 and rs41935177, were also
significantly associated with cull cow carcass weight using the SSR approach. In
fact, rs41935177, was the most significantly associated SNP with CULL from
the SSR analysis (q = 1.813 x 10-3).
3.3.2 Overlap with known QTL
A total of 254 significantly associated SNPs were found in known QTL
for either carcass weight, carcass fat percentage or carcass muscle percentage.
From the SSR analysis, 237 SNPs that were significantly associated with a trait
86
were also found in a known QTL for the same trait. Nearly half (20/43) of SNPs
found significantly associated with a trait using the Bayesian approach were also
found in a known QTL.
3.3.3 Over-represented KEGG pathways
In total, 428 unique bovine genes were within 500kbs of a SNP
associated with a trait using the Bayesian approach. Of these, 343 mapped to
333 human orthologs. The most significantly over-represented KEGG pathway
detected using these genes was the peroxisome proliferator-activated receptor
(PPAR) signalling pathway (p=9.58 × 10-4) (Figure 3.2). This pathway was
significantly over-represented in both carcass fat and the combined trait
analyses. In fact, six of the seven pathways significantly over-represented in the
combined trait analysis were also significantly over-represented for a single trait
when only orthologs from that trait were used in the analysis. Tyrosine
metabolism (Figure 3.3) was the only pathway that was not significant for an
individual trait but was found significantly over-represented using the combined
trait dataset. Twenty-five different pathways were significantly over-represented
across all analyses and are contained in Table 3.6.
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Figure 3.2 The peroxisome proliferator-activated receptor signalling
pathway. PPAR was the most significantly over-represented KEGG pathway in
the combined trait analysis. Genes in this pathway were in regions surrounding
SNPs associated to three different traits using the Bayesian approach (coloured
in red).
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Figure 3.3 The tyrosine metabolism signalling pathway. This pathway was the only significantly over-represented pathway from the
combined trait analysis that was not significantly over-represented for an individual trait. Genes in regions surrounding significant
SNPs from the Bayesian analysis are highlighted in red.
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Table 3.6 Significantly over-represented KEGG pathways and candidate
genes. Candidate genes are genes that occurred in the over-represented pathway
and were within 500kbs of a SNP significantly associated with the trait using the
Bayesian approach. CWT = carcass weight; CFAT = carcass fat; CONF =
carcass conformation; CULL = cull cow carcass weight; ALL = significantly
over-represented KEGG pathways using combined trait dataset.
Trait Pathway Name p-value Candidate Genes
CWT Jak-STAT signalling pathway 0.00281 IL12RB2, IL23R,JAK1, LEPR
CWT P53 signalling pathway 0.02504 GADD45A, GTSE1
CWT Adipocytokine signalling pathway 0.02972 LEPR, PPARA
CWT Pathways in cancer 0.03540 FGF18, JAK1, RET,WNT7B
CWT Phosphatidylinositol signallingsystem 0.03820 DGKD, INPP5D
CWT Sulfur relay system 0.03888 TRMU
CFAT PPAR signalling pathway 0.00096 CYP4A11, CYP4A22,FADS2
CFAT Protein digestion and absorption 0.00109 PGA3, PGA4
CFAT Biosynthesis of unsaturated fattyacids 0.00146 FADS1, FADS2
CFAT Vascular smooth muscle contraction 0.00389 CYP4A11, CYP4A22
CFAT Fatty acid metabolism 0.00638 CYP4A11, CYP4A22
CFAT Retinol metabolism 0.00761 CYP4A11, CYP4A22
CFAT Arachidonic acid metabolism 0.00964 CYP4A11, CYP4A22
CFAT Non-homologous end-joining 0.03645 FEN1
CONF Inositol phosphate metabolism 0.00522 INPP5B, PI4KB,PIP5K1A
CONF Phosphatidylinositol signallingsystem 0.01180
INPP5B, PI4KB,
PIP5K1A
CONF Biotin metabolism 0.01207 HLCS
CONF Antigen processing and presentation 0.03286 CTSS, RFX5
CONF Lysosome 0.03410 CTSK, CTSS, LAMP3
CONF Hedgehog signalling pathway 0.03953 WNT3, WNT9B
CONF Basal cell carcinoma 0.04233 WNT3, WNT9B
CULL Glutathione metabolism 0.03212 ODC1, RRM2
CULL Pathogenic Escherichia coliinfection 0.03947 OCLN, ROCK2
CULL Cell adhesion molecules (CAMs) 0.04021 CNTN2, OCLN,
90
PTPRM
CULL Vibrio cholerae infection 0.04576 ATP6V1C2, KCNQ1
ALL PPAR signalling pathway 0.00202
CYP4A11, CYP4A22,
FADS2, PPARA,
RXRA, SLC27A6
ALL Phosphatidylinositol signallingsystem 0.00403
DGKD, INPP5B,
INPP5D, PI4KB,
PIP5K1A
ALL Protein digestion and absorption 0.01217 KCNJ13, KCNQ1,PGA3, PGA4
ALL Non-homologous end-joining 0.02536 FEN1, LIG4
ALL P53 signalling pathway 0.03208 CCNB1, GADD45A,GTSE1, RRM2
ALL Tyrosine metabolism 0.03448 ALDH1A3, DBH, TH
ALL Biotin metabolism 0.03838 HLCS
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3.4 Discussion
The aim of this study was to identify regions of the bovine genome
associated with carcass performance using phenotypes of four economically
important carcass traits in Holstein-Friesian cattle: Carcass weight, carcass fat,
carcass conformation of progeny as well as cow carcass weight. This
information was then used to identify candidate genes and biological processes
that may be involved in each of the traits under investigation. Two statistical
approaches, a Bayesian and frequentist, were used to detect associations
between SNPs and each of the traits separately. SNPs found associated using
either approach were distributed across all autosomal chromosomes.
3.4.1 Predicted Transmitting Abilities as a phenotype
The phenotype of an animal is a combination of genetic and
environmental effects. Genetic effects are the results of the genes inherited from
parents. Environmental effects are the result of conditions the animal
experienced such as nutrition and temperature. Many GWAS studies utilise raw
phenotypic records (e.g. weight of an animal at the time of slaughter) to quantify
associations between genotypes and phenotypes (e.g. Bolormaa et al., 2011;
Kim et al., 2011; Nishimura et al., 2012). However, in this study we have used
predicted transmitting abilities (PTAs), which are a measure of genetic merit as
our phenotype. Unlike raw phenotypic records, that may be subject to
environmental influence such as high levels of nutrition, PTAs account for
cumulative genetic effects that are responsible for performance of an animal and
its progeny (Vanraden et al., 1990). PTAs are predicted based on the
performance of an animal and its relations (i.e. progeny) and have an associated
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reliability (confidence in the estimated PTA). By using only animals with a
calculated reliability higher than 70%, we have greater confidence in the
estimated phenotype for an animal. In this study PTAs from 1,061 animals were
used as the phenotype. These were calculated for each animal utilising
information from a much larger number of animals that was representative of
the germplasm of Irish herds.
3.4.2 The Bayesian approach
Both the Bayesian and SSR methods differ fundamentally in their
approaches. The single SNP regression method tests each SNP individually,
whereas Bayesian approaches test all SNPs in the model simultaneously. This
was particularly evident by the Bayesian approach identifying a single marker
whereas the SSR approach sometimes identified a cluster of adjacent significant
associations for the same location (e.g. chromosome 20 at ~10MB for CULL).
Also, the Bayesian approach is advantageous as there is no need to correct for
Type I errors arising from many thousands of tests. This allowed us to detect
associations that might have been removed as false positives by the correction
method applied to the SSR approach. Thus Bayesian approaches may then have
greater power to detect SNPs with moderate effects on a trait of interest.
Additionally, the ability to incorporate information a priori into the model
would appear to be advantageous in complex traits which are influenced by
many variants. Although inclusion of a prior may bias results to fit that prior
(Gianola et al., 2009), it is likely that SNPs with the strongest association will be
identified irrespective of the prior proportion of SNPs assumed to have an effect.
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Our choice of prior would appear to be robust, as it represents the SNPs that
most frequently occurred across different prior specifications.
The rational behind this approach is as follows: It has previously been
reported that Bayesian analysis can be biased by the selection of a prior
proportion of SNPs assumed to have an effect on a trait (Gianola et al., 2009;
Knurr et al., 2013). Results from SSR can be used to select a prior proportion of
SNPs believed to have an effect, although this may over-estimate the number of
independent SNPs associated with a trait as many significant SNPs may be in
LD with a single causative variant or gene. However, we propose that regardless
of the proportion of SNPs used as a prior in the Bayesian analysis, the SNPs
with the strongest LD signal should be represented in most (if not all) of the
results. Our approach then is to select the analysis with the largest number of
frequently occurring high PP SNPs. This approach identified that the analysis
with the best prior proportion for one of our traits was the same as the
proportion of significant SNPs from the SSR analysis (CULL). Two traits had a
prior proportion estimated from the Bayesian approach that was smaller than the
proportion of significant SNPs estimated using the SSR approach (CFAT and
CONF). Although the prior proportion with the largest occurrence rate for CWT
was slightly larger than the prior proportion estimated by the SSR (6.25 × 10-5
and 4.52 × 10-5), the average occurrence rates for each prior were extremely
similar (5.75 and 5.5, respectively (Table 3.4)).
3.4.3 Significant Associations
A large number of associations (584 SNPs) were detected across all traits
using both statistical approaches. However, most of these were detected for
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CONF (483) using the SSR approach (q<0.05). At a significance of q<0.005, a
total of 27 SNPs were associated with CONF using the SSR approach. This
figure was much more similar to the results from the other three traits. Using
this significance threshold for CONF and a significance threshold of q<0.05 for
the other three traits, 95 SNPs were associated with at least one trait using the
SSR approach. This meant that 134 SNPs were associated with at least one of
the traits using both the SSR and Bayesian approaches.
3.4.4 Overlap with known QTL
To date most association studies involving cattle have focused primarily
on milk production traits (e.g. (Pryce et al., 2010; Meredith et al., 2012)). For
example, from cattleQTLdb (Hu et al., 2007) there are 349, 223, 358 and 247
separately reported QTL for milk yield, somatic cell count, protein content and
fat content, respectively. However, for carcass weight, carcass fat percentage
and carcass muscle percentage there are only 135, 14, and 11 separately reported
QTL. In spite of this, many of the associated SNPs from the present study were
detected in known QTL for these traits (48/134). These SNPs can help to further
refine QTL that have been detected using microsatellite markers (e.g.
(Gutierrez-Gil et al., 2009)). The detection of a number of known QTL in our
study, would suggest that our methodology was effective.
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3.4.5 Candidate genes
Using both statistical approaches, a number of associations detected for
each trait were in close proximity to genes with a known role in animal growth
(e.g. GHR, Insulin and IGF2). As well as this, a number of novel candidate
genes were identified. For example, significant SNPs on chromosome 20 were
detected within 1 MB of FGF11 and on chromosome 6 approximately 500kbs
away from Gonadotropin-releasing hormone receptor.
3.4.5.1 Glucagon gene
Three novel associations with carcass fat were detected on chromosome
2, all of which were within a 3.5Mb region upstream of the glucagon gene. In
the same region, 5 SNPs that were associated with cull cow carcass weight were
all within a 2.9Mb region of the glucagon gene. The glucagon gene plays an
important role in a number of biological processes related to metabolism and
energy homeostasis (Tan et al., 2009). Glucagon is known to regulate fat
metabolism via cAMP-dependent mechanisms in animals (Tan et al., 2009).
3.4.5.2 Leptin gene
A number of associations detected from the Bayesian approach, that
were not detected from the SSR approach, occurred in regions containing genes
previously reported to be associated to growth in Holstein cows (e.g. leptin gene
(Clempson et al., 2011)). Interestingly, associations from the Bayesian method
that were not detected using the SSR approach, also occurred in close proximity
to the leptin receptor (approx. 300kb upstream). A mutation in the leptin
receptor has previously been reported to cause obesity in humans (Clement et
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al., 1998). Leptin is involved in the hypothalamic control of energy homeostasis,
an indicator of body fat reserves and regulator of energy expenditure (Delavaud
et al., 2002). In ruminants, such as cattle, a positive correlation has been
demonstrated between circulating concentrations of leptin and fat accumulation
(Geary et al., 2003).
3.4.6 Over-represented KEGG pathways
Carcass traits are governed by many complex biological systems,
reflecting the combined influence of many genetic factors. However, there may
be central biological processes that link together the genetic regulation of all of
these traits. The combined trait analysis thus gave us greater power to detect
pathways that control different aspects of each trait in combination but were not
detected using the individual trait dataset (e.g. tyrosine metabolism (Figure
3.3)).
3.4.6.1 Peroxisome proliferator-activated receptor signalling
Peroxisome proliferator-activated receptor (PPAR) signalling pathway
was the most significantly over-represented pathway (p = 0.00096) in both the
analysis involving CFAT and the combined trait analysis (p = 0.00202). PPARs
are a group of transcription factors that play an essential physiological role in
the regulation of cellular differentiation, development and lipid metabolism
(Berger and Moller, 2002). The PPAR signalling pathway is one of the most
important mechanisms of adipocyte tissue development and lipogenesis
(Canovas et al., 2010). Interestingly, genes from the CWT, CFAT and CONF
gene datasets were also in this pathway suggesting that PPAR may also play a
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role in each of these traits (Figure 3.4). This was not unexpected given the
known genetic associations among these traits (Pabiou et al., 2012).
Figure 3.4 Genes from the PPAR signalling pathway that were in regions
surrounding SNPs associated with at least one trait using the Bayesian
approach. Genes that are coloured in blue, green and yellow were within
500kbs of a SNP associated with carcass conformation, carcass weight and
carcass fat, respectively. The complete figure of the PPAR signalling pathway,
showing all genes in this pathway, is contained in Figure 3.2.
3.4.6.2 Phosphatidylinositol signalling system
Another interesting pathway was the phosphatidylinositol signalling
system (Figure 3.5). This pathway was significantly over-represented for both
the CONF (p = 0.0118) and CWT (p = 0.0382) datasets but was also
significantly over-represented (p = 0.004) in the combined trait analysis. The
phosphatidylinositol signalling system has been found to be enriched for genes
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that were differentially expressed for growth and fatness traits in pigs (Canovas
et al., 2010). This pathway, along with pathways significantly over-represented
from the combined trait dataset, may contain core biological processes linked to
phenotypic variation observed in each of the traits under investigation.
Figure 3.5 The phosphatidylinositol signalling system. This pathway was
significantly over-represented in the CONF, CWT and the combined trait
analyses. Genes in regions surrounding significant SNPs from the Bayesian
analysis are highlighted in red.
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3.4.7 Conserved biological function
There are numerous examples of single genes (or mutations in a gene)
influencing similar phenotypes in different species. Some well known examples
include the control of hair colour by the melanocortin receptor gene (Mc1r) in
humans (Yamaguchi and Hearing, 2009), with similar effects on coat colour in
species such as cattle (Klungland et al., 1995), pigs (Kijas et al., 1998) and
horses (Marklund et al., 1996). For complex traits, there is little known on the
conservation of genes with low to moderate effects on a phenotype across
species. However, there are number of examples that suggest a degree of
conservation of gene classes between mammalian species (e.g. stature (Pryce et
al., 2011) and milk proteins (Lemay et al., 2009)) exists (Pryce et al., 2011).
From our study, we have identified some well known biological processes that
influence similar traits in humans such as PPAR signalling and its influence in
fat deposition and metabolism. A number of pathways with a novel association
in cattle, but with known effects in other organisms have also been identified
(e.g. Hedgehog signalling pathway). The Hedgehog signalling pathway has been
implicated in the determination of human height (Weedon et al., 2008) and
mammalian adipogenesis (Rosen, 2006). This would suggest that a number of
the biological processes influencing growth characteristics that are conserved in
organisms such as humans are also conserved in cattle and are likely to be
candidates for further study in cattle.
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Chapter 4: Convergence diagnostics for a
Bayesian model used in genetic prediction
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4.1 Introduction
In recent years, improved computational resources and analysis
techniques, such as Markov chain Monte Carlo (MCMC), have enabled the
application of Bayesian approaches in many areas of science (Dodds and Vicini,
2004; Stephens and Balding, 2009). Bayesian approaches have become
established in a wide variety of scientific fields including pathway modelling
(Ko et al., 2009), phylogenetics (Nylander et al., 2008), and genetics (Marjoram
and Tavare, 2006; O'Hara et al., 2008; Stephens and Balding, 2009). In
particular, Bayesian approaches have gained popularity in genome-wide
association studies (GWAS) and genomic prediction of complex traits in animal
and plant breeding (known as genomic selection) (de Los Campos et al., 2013;
Gianola, 2013; Knurr et al., 2013).
To date, the majority of GWAS have used single marker (usually a
single nucleotide polymorphism (SNP)) regression models to identify important
genomic regions associated with a particular phenotype (e.g. Jiang et al., 2010;
Snelling et al., 2010; Kim et al., 2011). Single marker regression models test
each SNP individually for an association with a phenotype (McCarthy et al.,
2008), however as complex traits are likely to be influenced by a large number
of genes, models that analyse all markers simultaneously should provide more
accurate results than models that analyse one or a few markers at a time (van
den Berg et al., 2013). Many Bayesian regression models have been developed
for genomic prediction, collectively referred to as the “Bayesian alphabet”
(Gianola et al., 2009). Originally, these models included BayesA and BayesB
(Meuwissen et al., 2001), however several variations of these, that differ in their
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prior specifications, have been proposed for use in genomic selection (see de
Los Campos et al., 2013; Gianola, 2013).
Despite the extension of the Bayesian alphabet and the growing
popularity of MCMC methods in genetic association studies and genomic
prediction, the use of convergence diagnostics is still relatively uncommon and
not well established in the field. Convergence diagnostics relate to the idea that
a Markov chain, after a sufficient number of iterations, will eventually converge
to a stationary phase (target distribution) (Oszkiewicz et al., 2012). Starting
from any point in the parameter space, once convergence has been achieved, all
further samples will be concentrated around the mode of the stationary phase.
One of the central issues associated with MCMC inference is the length
of the burn-in period, that is the number of iterations before the chain reaches a
stationary phase (Brooks and Roberts, 1998). Samples taken from the burn-in do
not reflect samples taken from the stationary phase, and as such, to reduce
potential bias caused by the effect of starting values (seeds), iterations within the
burn-in period are usually discarded before making posterior inferences (Cowles
and Carlin, 1996; Brooks and Roberts, 1998; Dodds and Vicini, 2004).
In general, there are two approaches to identifying convergence:
monitoring of a single chain for a long time or monitoring many chains for
shorter periods of time (Oszkiewicz et al., 2012). The latter usually involves
running the Markov chain repeatedly from different initial states (seeds) and
ensuring that all of the chains converge to approximately the same location in
the parameter space. It is however, not always computationally feasible to run
multiple chains concurrently. For the purpose of this chapter, I will focus on the
former, which involves running a single chain for a long time and checking if it
103
has reached a stationary phase. Graphical methods to assess convergence are
commonly used as they are easily applied to different Bayesian approaches and
usually straightforward to interpret. Graphical methods usually entail plotting a
sampled parameter against the number of iterations, and are referred to as a trace
plots (also called history plots). If the parameter has converged to a stationary
phase, the trace plot will move around the mode of the stationary phase. There is
no one conclusive diagnostic that can provide assurance of convergence, in fact
convergence of a number of parameters, and not just those of interest should be
checked before making any inferences (Cowles and Carlin, 1996; Gill, 2008).
In this chapter, we implement a number of metrics that can be used to
assess convergence, and identify the burn-in phase graphically. Additionally, we
investigate the influence of prior hyper-parameters on convergence and model
optimisation in the Bayesian framework before providing recommendations on
addressing each of the aforementioned issues (assessing convergence, length of
the burn-in phase, and influence of priors). Although, for the purpose of this
study, we focuses on BayesB (Meuwissen et al., 2001), the methods outlined
here could easily be implemented in any analysis utilising a Bayesian approach
for genomic prediction.
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4.2 Materials and Methods
4.2.1 Raw data
In chapter 3, a genome-wide association study was performed using two
separate statistical approaches; a linear regression and Bayesian approach. The
raw genotypic and phenotypic data used in chapter 3 is the same as the raw data
used in this chapter. Briefly, genotypes of 54,001 SNPs from 5,706 Holstein-
Friesian sires were available for analysis. Four economically important
phenotypes, in the form of predicted transmitting abilities (PTAs), were
available for each of the sires; carcass weight (CWT), carcass fat (CFAT),
carcass conformation (CONF) and cull cow carcass weight (CULL). Following
a series of filters to remove poor quality data, genotypes of 42,477 SNPs from
1,061 animals were available (section 3.2.2 and section 3.2.3; Table 3.1).
4.2.2 Estimated SNP effects
Two statistical approaches, a frequentist linear regression (SSR) and
Bayesian approach (BayesB) were used to quantify SNP effects and marker
associations for each trait separately. The two approaches are outlined in greater
detail in sections 3.2.4.1 (SSR) and 3.2.4.2 (BayesB). SNP effects can be
negative, positive or zero, depending on whether the SNP is estimated to be
negatively associated, positively associated or not associated with the trait
respectively.
4.2.2.1 SSR
In short, the dependent variable (PTA) was regressed on each SNP
separately in a linear mixed model accounting for relationships between animals
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using the additive genetic relationship matrix in ASReml (Gilmour et al.,
2009a). The individual animal was included as a random effect. The estimated
SNP effect for each SNP was retained. Estimated p-values were corrected for
errors arising from multiple testing using the FDR approach described by Storey
and Tibshirani. Corrected p-values (termed q-values) < 0.05 were defined as
significant.
4.2.2.2 BayesB
The second statistical approach was BayesB (Meuwissen et al., 2001),
which included all SNPs simultaneously in a Bayesian mixture model. An
inverse chi-squared distribution (v = 4.234, S = 0.0429) was included in the
model as the prior distribution of mean and genetic variation of each SNP
included in the model. A prior value (1-π) was included in the Bayesian analysis 
as the prior probability of association for each SNP. As this value is assigned to
all SNPs in the analysis, it represents a prior proportion of SNPs believed to be
associated with the trait under investigation.
4.2.2.3 Specifying a value of 1-π a priori
To investigate the impact of the prior value (1-π) on convergence, 
analyses were run with incrementally decreasing values of (1-π) ranging from 
5.0×10-2 to 6.25×10-5, representing a decreasing proportion of SNPs assumed to
be associated with the traits being examined (Table 4.1). To assess the
usefulness of including information from separate analyses such as a single SNP
regression, additional analyses were run using the proportion of SNPs found to
be significantly (q < 0.05) associated with each trait from the SSR analysis
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(pSSR), and also half and double these values (pSSR/2 and pSSR*2,
respectively), to explain (1-π). In total, eleven analyses were performed for each 
trait. For convenience, these analyses have been labelled pA-pK representing an
increasing value of (1- π). From this point onward, these prior values will be 
referred to using the label assigned in Table 4.1.
Table 4.1 Values assigned to (1- π) for each Bayesian analysis. CWT =
carcass weight; CFAT = carcass fat; CONF = carcass conformation; CULL =
cull cow carcass weight; * = pSSR/2; § = pSSR; † = pSSR*2. From this point
onward, these prior values will be referred to using the label assigned in the first
column.
Label CWT CFAT CONF CULL
pA 2.35×10-5* 6.25×10-5 6.25×10-5 6.25×10-5
pB 4.71×10-5§ 1.25×10-4 1.25×10-4 1.25×10-4
pC 6.25×10-5 2.5×10-4 2.5×10-4 2.5×10-4
pD 9.42×10-5† 2.94×10-4* 5.0×10-4 5.0×10-4
pE 1.25×10-4 5.0×10-4 1.0×10-3 5.65×10-4*
pF 2.5×10-4 5.89×10-4§ 2.45×10-3 1.0×10-3
pG 5.0×10-4 1.0×10-3 5.69×10-3* 1.13×10-3§
pH 1.0×10-3 1.18×10-3† 1.0×10-2 2.26×10-3†
pI 2.45×10-3 2.45×10-3 1.14×10-2§ 2.45×10-3
pJ 1.0×10-2 1.0×10-2 2.27×10-2† 1.0×10-2
pK 5.0×10-2 5.0×10-2 5.0×10-2 5.0×10-2
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4.2.2.4 Posterior probabilities
A posterior probability (PP) is indicative of the strength of evidence
from the posterior distribution that a SNP is associated with a particular
phenotype (Meredith et al., 2012; Yang and Tempelman, 2012). A PP ranges
from 0 (no association) to 1 (strong association). The PP for a SNP at iteration t
is calculated as follows: The number of times that a SNP had a non-zero effect
(i.e. was calculated to have some association with the trait) in all sampled
iterations (in our analyses every 500th iteration was sampled) up to iteration t is
counted. This value was then divided by the total number of iterations sampled
for each SNP (up to iteration t), resulting in a value which was the posterior
probability of the SNP having an effect (Newcombe et al., 2012).
During the MCMC portion of the Bayesian analysis, the effect (on the
phenotype) calculated for each SNP can vary widely. At different iterations the
effect calculated for a SNP may be zero or non-zero, converging to a stationary
probability (proportional to the background distribution) as the chain reaches the
stationary phase. For example, after 100,000 iterations (sampled every 500th) a
SNP, x, might have a non-zero effect 75% of the time (PPx = 0.75) but after
200,000 iterations the same SNP might only have a non-zero effect in 50% of
the sampled iterations (PPx = 0.5). Therefore, ensuring the posterior estimates of
individual SNPs have reached stationarity is important for the calculation of (1-
π) for the entire dataset. Generally, the burn-in phase once identified would be 
discarded and posterior probabilities for each SNP calculated from the
remaining sampled iterations.
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4.2.3 Assessing convergence and effect of different prior (1-π) specifications 
For each sampled parameter, graphical assessment of convergence
(stationarity) was assessed by plotting the parameter against the iteration
number. If the parameter has converged, the resulting plot should reach a value
in the parameter space (i.e. all of the possible values that the parameter can
reach) and remain close to this value as the number of iterations increases.
Convergence of the model was identified by a plateau in the estimated
parameter as the number of iterations increased.
In addition to assessing convergence, four metrics were also used to
investigate the influence of prior specifications and convergence; summed
absolute log likelihood, the number of SNPs with a PP>0.5; Euclidean distance
and Coefficient of determination. For each MCMC chain, each of these metrics
was calculated at every sampled iteration. A surface plot was created of the
results for each sampled iteration plotted against the prior specification of (1-π) 
used for that analysis. The axis with the prior specification of (1-π) was ordered 
from pA (smallest) to pK (largest) denoting increasing prior proportions of
SNPs assumed to have an effect on the trait of interest. This allowed the effect
of different prior (1-π) specifications to be observed across increasing iterations 
of the MCMC chains. Detailed descriptions of each of the metrics are as
follows:
4.2.3.1 Summed SNP effects
As previously described, SNPs have positive, negative or zero effects
based on their estimated association with the trait. For the purposes of genomic
selection for particular traits, the sum of all effects (multiplied by the genotype)
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for the alleles possessed by a single animal is used as an estimate of the genetic
potential (gEBV) of the animal for that trait (Equation 4.1). The gEBV of an
animal, k, at iteration, t, is given as:
Equation 4.1 Genomic Estimated Breeding Value
[4.1]
Where Zki is the genotype (expressed as 0, 1 or 2) for animal k at SNP i. xit is the
effect of SNP i at iteration t, and n is the total number of SNPs included in the
analysis.
The gEBV has previously been used to assess convergence in Bayesian
MCMC analyses(Daetwyler et al., 2010). However, the rate of convergence
might vary between animals, meaning that a separate plot of the gEBV would
need to be produced for each animal included in the analysis. This is not
practical as most analyses require data from hundreds of animals. Additionally,
assessment of a single parameter may not be representative of the model as a
whole. To investigate this, the sum of all SNP effects (SSE) (Equation 4.2) and
separately the sum of all absolute SNP effects (SAE) (Equation 4.3) was
calculated at each iteration sampled. The SNP effects were calculated using
BayesB (Meuwissen et al., 2001). The summed values were plotted for all the
iterations samples to identify convergence to stationarity.
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Equation 4.2 Summed SNP effect
[4.2]
Equation 4.3 Summed absolute SNP effect
[4.3]
Where, xit and |xit| is the effect and absolute effect, respectively, of SNP i at
iteration t, and n is the total number of SNPs included in the analysis.
4.2.3.2 Summed absolute log-likelihood
For every sampled iteration, a log-likelihood score is calculated for each
individual SNP effect. This value is the log of the likelihood of the SNP having
the effect estimated, given parameters such as the phenotypic data, genotypic
data and other variables (called “the model” from this point on). A log-
likelihood value for the entire model at a single iteration was calculated by
summing the individual absolute log-likelihoods for all SNPs. To investigate
convergence from a likelihood perspective, the summed absolute log-likelihood
for the model at each sampled iteration was plotted against the iteration number
to produce a trace plot. The resulting plot was visually inspected to assess
convergence (stationarity), evident as a plateau in the summed absolute log-
likelihood as the number of iterations increased (See Figure 4.1 for examples).
This approach was then repeated for each analysis involving BayesB.
For each trait, these values were combined from each analysis using a
different prior (1-π) specification to create a surface plot. These surface plots 
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were used to assess the appropriateness of each of the prior values of (1-π) for 
each of the respective traits.
Figure 4.1 Summed absolute log-likelihood plots for all analyses with prior
value π equal to pSSR. For each figure, the model log-likelihood (y-axis) is
plotted by the iteration number (x-axis).
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4.2.3.3 The number of SNPs with PP>0.5 metric
The number of SNPs with a posterior probability (PP) greater than 0.5
was calculated at each sampled iteration. For each sampled iteration, this was
calculated across all sampled iterations up to this point. These values were
plotted to produce a trace plot for each MCMC chain. For each trait separately,
these values from each analysis were combined to create a surface plot. These
surface plots were used to assess the influence and appropriateness of each of
the prior values of (1-π) for each of the respective traits. The most appropriate 
prior is identified as an elevation in the plot surface across prior values, while
also converging to stationarity as the number of iterations increases
Additionally, to highlight the influence of failing to remove iterations
from the burn-in, the mean and mode number of SNPs with a PP>0.5 was
calculated using the estimated value from all sampled iterations and separately
the final 100,000 sampled iterations from each analysis. Sample means close to
the mode illustrate mixing around the mode which is indicative of convergence.
4.2.3.4 Euclidean distance metric
A Euclidean distance (ED) (Equation 4.4) calculation was used to assess
the similarity of the SNP effects from the SSR analysis and each of the iterations
from the Bayesian analysis. This approach assumes that the SNP effects of
individual SNPs calculated from the SSR approach are a reasonable estimation
of the real effect, given the trait being examined. The problem with SNP effects
calculated from the SSR analyses however, is that they are non-independent of
neighbouring SNPs, producing the characteristic distributions of effect across
neighbouring SNPs. To address this issue, we only compared the estimated SNP
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effects for those SNPs with a calculate PP>0.5 from the Bayesian analysis to the
effect calculated by the SSR approach for the same SNP. The estimated effects
for these SNPs from the Bayesian approach (x1, x2, …, xn) were compared to
those calculated from the SSR approach (y1, y1, …, yn) using a Euclidean
distance. This approach assumes that as the Bayesian MCMC chain approaches
convergence, the calculated SNP effect for all SNPs with a PP>0.5 should
approach those calculated by the SSR approach.
The ED was calculated as follows: Given points x = (x1, x2, …, xn) and y
= (y1, y1, …, yn) in n-dimensional space, the ED is a measure of the proximity (or
similarity) of x and y in the space. The position of x in n-dimensional space is
given by the Euclidean vector (x1, x2, …, xn). Similarly, the position of y is given
by the Euclidean vector (y1, y1, …, yn). The ED between points x and y in n-
dimensional space can be defined mathematically as:
Equation 4.4 Euclidean distance
[4.4]
Where x is a Euclidean vector of SNP effects estimated from the Bayesian
approach and y is Euclidean vector SNP effects estimated from the SSR for the
same set of SNPs. A Euclidean distance of 0 indicates that the set of values, x
and y, occupy the same location in the n-dimensional space and are exactly the
same. This was calculated for each sampled iteration and combined for each
prior (1-π) specification to produce a surface plot which was used to assess 
convergence and the impact of (1-π) on estimates of the ED.  
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4.2.3.5 Coefficient of determination metric
The Coefficient of Determination (the well known R2; Equation 4.5) was
also used to assess convergence. Similar to the approach used to calculate the
ED metric, at every iteration, the effects estimated from the Bayesian approach
of all SNPs with a PP>0.5 (x1, x2, …, xn) were compared to the effects estimated
from the SSR for the same set of SNPs (y1, y1, …, yn). The R2 between these data
sets was then calculated as follows:
Equation 4.5 Coefficient of determination
[4.5]
Where, xi and yi are the SNP effects of SNP i from the Bayesian and SSR
approach respectively and where x is the mean SNP effect estimated from the
Bayesian approach and y is the mean SNP effect from the SSR approach. The
total number of SNPs being analysed (the number with a PP>0.5 from the
Bayesian analysis) in x and y is denoted by n. As with other metrics analysed the
R2 of the SNP effect from two approaches was calculated at each sampled
iteration. This was carried out for each prior (1-π) specification analysed and 
visualised as a surface plot for each trait. The surface plot was then used to
assess convergence of the metric and separately which prior values of (1-π) 
appeared optimised for this metric.
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4.2.4 Alternate starting conditions
Another approach to assess convergence in a MCMC analysis involves
running multiple Markov chains with the same model prior specifications which
differ only in the starting seed for the random number generator used in the
algorithm. Evidence of the multiple chains converging to approximately the
same sample space is used to assess convergence and there are several statistics
that are generally used for this purpose (For a review, see Cowles and Carlin,
1996). However, a problem was identified with the BayesB software which
required correction of the code before this could be carried out. The original
code provided by the developers contained a “hard coded” seed of
“123456789”, this meant that every analysis carried out using the same dataset
and same priors were always going to be identical (a problem which may not
have been identified in other published studies using this software). To address
this we changed the random number generator seed to a different value for
multiple runs for the same dataset and priors. Summed absolute log-likelihoods
were estimated at each iteration and plotted. These additional analyses were
carried out for each trait using the prior specification (1-π) of; 1 - pSSR/2, 
2.5×10-4, 1 – pSSR and 1.25×10-4. Convergence was assessed visually and
compared to the estimated summed absolute log-likelihoods from the initial
chains.
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4.3 Results
4.3.1 Summed absolute log-likelihoods
For each analysis using the Bayesian approach, the summed absolute
log-likelihood plot was visually inspected to identify the burn-in phase (Table
3.3). The number of iterations required to reach a stationary distribution varied
between analyses ranging from approximately 60,000 iterations (for CONF trait
and prior specification for (1-π) of pA) to approximately 200,000 iterations (for 
CONF trait and prior specification for (1-π) of pH). As an example, the trace 
plots for summed absolute log-likelihoods calculated using the Bayesian
approach with prior value (1-π) of 1-pSSR (i.e. 1 minus the proportion of SNPs 
calculated by the SSR approach to have an effect) for all 4 traits are shown in
Figure 4.1. The surface plots calculated with this metric for all prior
specifications tested for CWT, CFAT, CONF and CULL traits are shown in
figures 4.2, 4.3, 4.4 and 4.5 respectively.
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Figure 4.2 Surface plot of the summed absolute log-likelihoods for the
carcass weight trait. For each prior (pA-pK), the summed absolute log-
likelihood at each sampled iteration is plotted.
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Figure 4.3 Surface plot of the summed absolute log-likelihoods for the
carcass fat trait. For each prior (pA-pK), the summed absolute log-likelihood at
each sampled iteration is plotted.
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Figure 4.4 Surface plot of the summed absolute log-likelihoods for the
carcass conformation trait. For each prior (pA-pK), the summed absolute log-
likelihood at each sampled iteration is plotted.
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Figure 4.5 Surface plot of the summed absolute log-likelihoods for the cull
cow carcass weight trait. For each prior (pA-pK), the summed absolute log-
likelihood at each sampled iteration is plotted.
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4.3.2 Summed SNP effects
The plots from the summed SNP effect and the summed absolute SNP
effect metrics exhibited similar convergence behaviour. The stationary phase
was achieved after only a few thousand iterations for most of the analyses. For
example, in the analysis of carcass conformation when using a prior
specification of twice that estimated by the SSR approach ((1-π) = pJ), both 
metrics reached a stationary phase after approximately 10,000 iterations (Figure
4.6).
Figure 4.6 Summed absolute SNP effects and the summed SNP effects at each
iteration. The summed absolute SNP effect at each iteration for the analysis with
prior (1-π) = pJ is plotted in black. The summed SNP effect at each iteration for the 
analysis with prior (1-π) = pJ is plotted in blue. The iteration number is plotted on 
the x-axis and the corresponding effect on the y-axis.
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4.3.3 The number of SNPs with a PP > 0.5
Early in the iteration space, the number of SNPs with a PP>0.5 at each
iteration varied considerably between analyses (specifications of 1-π) of a single 
trait (Figure 4.7; Appendix 1). This was evident in the surface plot created for
each trait. In general, the differences between the values at the same iteration of
each prior (1-π) specifications were greatest at the early iterations. By iteration 
400,000 the estimates between analyses using different priors for the same trait
were similar, although still varied. This was the case for all analyses using this
metric.
For example, at iteration 25,000 of the CFAT analyses there were 5, 19
and 313 SNPs that had a PP>0.5 using the prior values (1-π) of pA, pG and pK, 
respectively (Figure 4.7). However, by iteration 400,000, the number of SNPs
with a PP>0.5 for the same analyses was 10, 23 and 18. This indicates that the
burn-in period for the CFAT analysis with (1-π) = pK may be much longer than 
the analyses of (1-π) = pA or pG, and that all of the priors would have a burn-in 
phase longer than 25,000 iterations.
Additionally, the mean and mode estimates for the last 100,000 sampled
iterations were, in general, much closer than the estimates of the mean and mode
using all sampled iterations (Table 4.2; Table 4.3). This was particularly evident
for all analyses using the prior value (1-π) = pK, where the difference in the 
mean and mode ranged from 46.51 to 146.05 using all sampled iterations
compared to the last 100,000 sampled iterations which had a range from 0 to
0.77. The number of SNPs with a PP>0.5 at each iteration throughout the final
100,000 iterations were in general the same as the mode reflecting convergence
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to a stationary phase. This is not unexpected as the last 100,000 iterations
excluded the burn-in period and convergence had been observed.
Figure 4.7 Surface plot of the number of SNPs with a PP>0.5 for the carcass
fat phenotype. For each prior (pA-pK), the number of SNPs with a PP>0.5 at
each sampled iteration is plotted. Surface plots of the number of SNPs with a
PP>0.5 for the remaining traits are included in Appendix 1.
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Table 4.2 The mean and mode number of SNPs with a PP>0.5 in each
analysis. The mean and mode number of SNPs with a PP>0.5 was calculated
using all sampled iterations for each analysis. (1 – π) = prior proportion (in order 
or size from smallest (pA) to largest (pK)) of SNPs assumed to be associated
with a trait. CWT = carcass weight; CFAT = carcass fat; CONF = carcass
conformation; CULL = cull cow carcass weight.
CWT CFAT CONF CULL
1-π mean mode mean mode mean mode mean mode
pA 13.57 13 9.49 11 15.97 12 14.65 18
pB 11.46 11 9.19 6 24.38 24 9.64 8
pC 13.05 12 13.9 14 28.18 29 14.15 9
pD 13.51 11 13.16 10 31.25 29 18.07 17
pE 12.42 12 14.65 15 24.38 24 23.2 24
pF 18.69 19 22.02 20 28.18 29 26.41 29
pG 22.47 22 31.63 37 53.06 44 19.05 16
pH 27.19 22 30.56 33 74.08 67 24.11 24
pI 43.47 47 38.71 43 53.06 44 29.37 29
pJ 26.87 22 48.86 42 68.38 69 22.22 9
pK 49.03 0 151.88 14 227.05 81 46.51 0
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Table 4.3 The mean and mode number of SNPs with a PP>0.5 for the last
100,000 iterations in each analysis. The mean and mode number of SNPs with
a PP>0.5 was calculated using only the sampled iterations from the last 100,000
iterations. (1 – π) = prior proportion (in order or size from smallest (pA) to 
largest (pK)) of SNPs assumed to be associated with a trait. CWT = carcass
weight; CFAT = carcass fat; CONF = carcass conformation; CULL = cull cow
carcass weight.
CWT CFAT CONF CULL
1-π mean mode mean mode mean mode mean mode
pA 13 13 5.33 5 11.92 12 10.76 10
pB 10.36 10 5.63 6 23.75 24 11.84 12
pC 11.83 12 10.66 11 27.18 27 9.25 9
pD 10.98 11 10.42 10 29.32 29 16.86 17
pE 10.02 10 14.66 15 24.33 24 21.62 20
pF 17.48 17 20 20 46.33 46 27.93 29
pG 31.59 32 38.15 38 46.51 47 16.45 16
pH 21.76 22 26.21 27 67.12 67 24 25
pI 34.25 36 43.36 43 40.61 37 26.57 29
pJ 22.78 23 42.2 42 72.09 72 9.38 9
pK 2.29 3 13.89 14 80.23 81 0 0
4.3.4 Euclidean distance
For this metric, values close to zero indicated high similarity between the
SNP effects estimated from the Bayesian and SSR analyses. Similar to the
number of SNPs with a PP>0.5 metric, the estimates of the Euclidean distance
(ED) were largest at early iterations and varied considerably between prior (1–π) 
specifications (Figure 4.8; Appendix 2). However, in general, by iteration
200,000 the estimates of the ED between prior values of (1–π) were similar and 
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each displayed convergence to a stationary phase. For the CFAT analysis
(Appendix 2), the estimates of the ED varied between prior specifications even
after 200,000 iterations suggesting that the estimated SNP effects might be
sensitive to the values assigned to the prior (1–π).  
Figure 4.8 Surface plot of the Euclidean distance for the carcass weight
phenotype. For each prior (pA-pK), the Euclidean distance at each sampled
iteration is plotted. Surface plots of the Euclidean distance for the remaining
traits are included in Appendix 2.
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4.3.5 Coefficient of determination
All analyses reached convergence using the R2 metric. The estimated
values of the R2 varied between prior (1–π) specifications throughout the 
iteration space for the analysis of CFAT and CONF (Appendix 3). Similar to the
Euclidean distance, this indicates that the estimated SNP effects might be
sensitive to the values assigned to the prior (1–π). In spite of this, estimated 
values across priors (1–π) were similar for the CWT analysis (Figure 4.9). This 
was also the case for the analysis of CULL (Appendix 3). R2 values close to one
indicate that the relationship between the estimated SNP effects from the
Bayesian and SSR approach is similar. If an individual prior (1–π) was better 
suited than any of the other prior specifications, the R2 value would be higher in
all iterations for that prior. This would appear as a slope in the surface plot,
peaking at the prior specification with values closest to 1. This was the case for
only CONF analysis (Figure 4.10).
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Figure 4.9 Surface plot of the R2 for the carcass weight phenotype. For each
prior (pA-pK), the R2 at each sampled iteration is plotted.
129
Figure 4.10 Surface plot of the R2 for the carcass conformation phenotype.
For each prior (pA-pK), the R2 at each sampled iteration is plotted. Surface plots
of the R2 for the remaining traits are included in Appendix 3.
4.3.6 Alternate starting conditions
Convergence of both chains to approximately the same stationary phase
in the parameter space was achieved for all additional analyses (Figure 4.11).
This was indicated by the summed absolute log-likelihood estimates from both
chains reaching approximately the same values and continuing to mix around
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those values. Convergence was slowest for the carcass conformation phenotype
but was reached by iteration 200,000 for both chains.
Figure 4.11 Summed absolute log-likelihood plots for the additional
analyses with alternate starting conditions. For each figure, the model log-
likelihood (y-axis) is plotted against the iteration number (x-axis). Seed 1 and
seed 2 represent the initial states that each chain started with.
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4.4 Discussion
In a relatively short time MCMC approaches have gained considerable
momentum in many fields including genetic association studies. Convergence
diagnostics are an important implementation of Bayesian MCMC approaches. In
many fields, where MCMC approaches have been in use for a long period of
time, approaches and diagnostics to assess convergence have become
established (e.g. Nylander et al., 2008). The aim of this study was to develop
approaches for assessing convergence that are easily implemented in models
from the Bayesian alphabet. The approaches outlined in this chapter, are
graphical in nature and, thus relatively easy to interpret and implement. As well
as this, they provide a basis for which convergence can be assessed and a period
of burn-in identified. Methods outlined in this chapter can be used to assess
convergence and identify a stationary phase in the MCMC chain from which
posterior inferences should be made.
4.4.1 Including information from separate analyses
Despite the statistical drawbacks of linear regression approaches, single
SNP regression is the most common approach used in genome-wide association
studies. This is often because computationally it is much more feasible to
analyse each SNP individually as opposed to the Bayesian approach of including
all SNPs simultaneously. Additionally, most researchers are more familiar with
linear regression approaches and interpreting the p-values of association
obtained from this type of analysis. Because of this, we used information from
the SSR to estimate a number of the metrics used to assess convergence. As well
this, the proportion of significant associations from the SSR approach was also
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used to inform the Bayesian model a priori (as a specification of 1-π). Using 
results from the SSR analysis in this way may be useful in the future as it allows
researchers to incorporate statistically significant information in a Bayesian
framework. This also allowed the comparison of estimates from two separate
approaches that differ fundamentally in their statistical setup.
4.4.2 Summed absolute log-likelihoods
The log-likelihood is the log of the likelihood of an estimated SNP
effect, given parameters such as the phenotypic data and the genotypic data. The
model log-likelihood was calculated as the sum of the absolute log-likelihoods
for all SNP estimates. As such, the model log-likelihood incorporates
information from all parameters and not just those of interest. In this way, the
model log-likelihood is a good way to assess convergence of the model.
Trace plots based on log-likelihoods have been used to monitor
convergence during MCMC analysis in fields such as phylogenetics (Nylander
et al., 2008; Satija et al., 2009; Qi et al., 2012) and physics (Oszkiewicz et al.,
2012). The number of iterations needed to reach a stationary phase varied
between models, although a greater number of iterations were required for larger
values of (1-π). This indicated that the model may be sensitive to values 
assigned to (1-π) a priori. Because of this, it would not be possible to choose a
priori the number of iterations required to reach the stationary phase. Instead the
required number of iterations needed to reach convergence would need to be
chosen based on the behaviour of the trace plot for each analysis separately.
133
4.4.3 Summed SNP effects
Metrics based on the SNP effect have been used as evidence of model
convergence in previous GWAS studies e.g. (Daetwyler et al., 2010). This
however does not take the entire model into account. Convergence of all
parameters, not just those of interest should be considered before making any
posterior inferences (Nylander et al., 2004). At first sight, the summed absolute
SNP effect and the summed SNP effect seemed to provide a good estimate of
convergence as both seemed to reach a stationary phase at approximately the
same iteration. Additionally, for almost all analyses convergence was achieved
quickly using either metric. However, convergence was not achieved in all
analyses using this metric. Furthermore when convergence was achieved using
these metrics, it was misleading. During early iterations of the parameter space,
a large amount of SNP effects are set to zero. As the model traverses the
parameter space, SNPs maintain a zero effect for long periods before being
included with a non-zero effect. Similarly SNPs that had an effect in early
iterations may eventually have a zero effect. The net sum of SNP effects may
remain the same throughout the iteration space while these changes are
occurring.
A good example of this was found using the CONF analysis with prior
(1-π) = pJ. Using the SAE or SSE, convergence was indicated to have been 
reached by only a few thousand iterations (Figure 4.6). However, 3 SNPs,
rs110195460, rs109648728 and rs41636123, had an estimated effect of zero
until iteration 105,000, 63,500 and 121,500, respectively but had a non-zero
effect in all iterations after 240,000 (Figure 4.12). The estimated SNP effect
could be used to monitor convergence, but this would require producing a trace
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plot for all SNPs included in the analysis which would not be feasible for almost
all analyses as thousands of SNPs are analysed simultaneously.
The genomic estimated breeding value (gEBV) has been used to assess
convergence (Daetwyler et al., 2010). The gEBV for an animal is the sum of all
of the estimated SNP effects times the genotype (coded as 0, 1 or 2) for the
animal at each SNP location. However, the rate of convergence may vary
between animals, meaning that a separate plot of the gEBV would need to be
produced for each animal included in the analysis. However, this is not practical
as most analyses require data from hundreds or thousands of animals. Also, if
the gEBV behaves in the same way as the SAE or SSE, the estimated SNP
effects may continue changing, while the net change in gEBV may be
negligible. This may indicate convergence prematurely and subsequently lead to
poor posterior inferences.
135
Figure 4.12 Example of 3 SNPs which had estimated non-zero effect much
later than the SSE or SAE. From the analysis for carcass conformation (1-π = 
pJ = 2.27 × 10-2), three SNPs; rs110195460, rs109648728 and rs41636123 had
an estimated effect of zero until iteration 105,000, 63,500 and 121,500
respectively, but had a non-zero effect in all sampled iterations after iteration
240,000.
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4.4.4 The number of SNPs with a PP > 0.5
Convergence diagnostics relate to the idea that a chain after a sufficient
amount of time will eventually reach a stationary phase in the parameter space
and continue to mix around the mode of that stationary phase. This was the case
for the number of SNPs that had a PP>0.5. The mean and mode of the number
of SNPs with a PP>0.5 for all analyses were quite similar for the last 100,000
iterations (Table 4.3), indicating that the samples from the last 100,000
iterations were taken from around the mode of the same distribution and that
convergence had been achieved. In fact, the mean and the mode for SNPs with a
PP>0.5 for the last 100,000 iterations was exactly the same for a number of the
analyses e.g. CWT, 1-π = pA and CFAT, 1-π = pF. As expected, the number of 
SNPs with a PP>0.5 was greatest at early iterations for all analyses but
decreased rapidly so that by approximately iteration 200,000 all models had
reached a stationary phase. This was particularly evident for each of the analyses
with a prior value of 1-π = pK. Additionally, similar to the model log-likelihood 
plots, the burn-in phase indicated from this metric varied between analyses. This
meant that the burn-in for each analysis would need to be assessed for each
analysis separately, and could not be chosen a priori.
At early iterations, the impact of prior specifications of (1-π) on 
estimates of this metric was particularly evident from inspection of the surface
plot for each trait. Although the number of SNPs with a PP>0.5 was much closer
at the final iteration for all analyses of a trait, these values still varied.
Additionally, for the analysis of CULL (1-π = pK), the mean and the mode 
number of SNPs with a PP>0.5 was zero for the final 100,000 iterations
(sampled every 500th), however the SAE and SSE estimates were both non-zero
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at all sampled iterations. This suggests, that the model is still estimating SNPs to
have both zero and non-zero effects (switching between iterations), and has not
converged to a stationary phase.
4.4.5 Coefficient of determination
The coefficient of determination, R2, is a well known metric for
describing the relationship between two variables. In this case the estimated
SNP effects from the Bayesian and the SSR approaches (for SNPs with PP>0.5)
were compared using the R2 at each sampled iteration. The R2 between SNP
effects estimated from both the Bayesian approach and the SSR approach,
allowed us to determine how well the estimates from the SSR approach were
described by the estimates from the Bayesian approach. As the number of SNPs
with a PP>0.5 approached a stationary distribution, a constant R2 suggested that
the estimated SNP effects from the Bayesian model had also converged.
Although estimates did not need to be close to 1 in order to convergence,
analyses that had estimates close to one and converged were particularly
interesting as they seemed to be estimating values closest to the SSR approach.
The R2 did converge for all models, but both the number of iterations required to
reach convergence and the estimated R2 at convergence varied between analyses
of a trait. Also, it must be noted that the R2 between two datasets may be high
when the mean and standard deviation between these datasets is greatly
different. This means that although the R2 may be high, the estimated SNP
effects from both models may be quite different. Additionally, at some
iterations, the number of SNPs with a PP>0.5 may be zero (or just one) meaning
that the R2 cannot be estimated. Similarly, when the number of SNPs with a
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PP>0.5 is low, the R2 may be high due to the lack of data included in the
estimate. To address these limitations, a Euclidean distance (ED) was also
calculated for the same set of SNPs.
4.4.6 The Euclidean distance
As mentioned, two data sets can have R2 close to 1 but be very different.
This is not the case with the ED. The ED is a common metric that reflects the
proximity of 2 points in a n-dimensional space, such that the distance between x
and y is equal to the distance between y and x and the distance between x and y
is equal to zero when x = y. The ED was used here to gauge the similarity
between the estimated SNP effects (of SNPs with a PP>0.5) of the Bayesian and
the SSR approaches. For all analyses, the ED was greatest at early iterations.
Although convergence was achieved in most analyses, the number of iterations
needed to reach convergence was different for each analysis.
The surface plot of this metric allowed us to investigate both the
convergence behaviour of each prior for a trait and the similarity of estimates
between prior specifications. However, as with the other metrics used, the
estimated ED varied between different prior specifications of (1-π). This was 
particularly evident in the CFAT and CONF surface plots (Appendix 2).
4.4.7 Running additional chains
There is considerable debate in the MCMC community over whether or
not it is better to base convergence assessment and inferences on two or more
replicate chains, beginning from alternate starting points (seeds), or one long
chain (Geyer, 1992; Huelsenbeck et al., 2002; Beiko et al., 2006). One
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disadvantage of replicate chains is that each chain has its own burn-in phase,
which must be removed. When convergence is slow, a large amount of
computational effort is spent obtaining samples that must then be removed
(Beiko et al., 2006). Additionally, the resources needed to run multiple chains in
parallel are not always readily available. Although a strong argument for the
single long chain approach was made by Geyer (1992), it is generally accepted
that when sufficient computational resources are available, it is advisable to run
multiple chains concurrently (Gelman and Rubin, 1992; Beiko et al., 2006; Lee
et al., 2008). In spite of this, the use of multiple chains running in parallel is not
commonly implemented in GWAS or genetic prediction studies that utilise a
model from the Bayesian alphabet (e.g. Purfield et al., 2013). For this reason, we
focused on the single longer chain approach, although the metrics put forward in
this study could be used to sample across chains to assess convergence. Also,
these metrics if used to sample across chains could easily be plotted to provide a
graphical assessment of convergence.
4.4.8 Recommendations for future studies
For each analysis, the number of iterations required to reach convergence
differed for each analysis. This meant that a burn-in phase could not be chosen a
priori. This was not unexpected however, as the number of iterations needed to
reach convergence will be influenced by many factors including, prior
assumptions, starting values (seeds), the number of samples and the number of
SNPs. Including estimates from the burn-in phase may affect posterior estimates
(see Table 4.2 and Table 4.3). In general, by iteration 100,000 each analysis had
converged, although this was not always the case reflecting the difficulty in
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choosing a burn-in a priori. Because of this, convergence of each model should
be assessed separately and all iterations before convergence discarded.
We recommend using primarily the summed absolute log-likelihood
metric to assess convergence, as this metric incorporates information from all
parameters and not just those of interest. However, as pointed out by Cowles
and Carlin (1996), there is no one conclusive diagnostic that can provide
assurance of convergence. Convergence of a number of parameters, and not just
those of interest should be checked before making any inferences. For this
purpose, the number of SNPs with a PP>0.5 and the Euclidean distance metrics
are good secondary diagnostics.
One of the limitations of a Bayesian approach is potential bias created by
including information a priori. This could be seen in the surface plots for many
of the analyses. Potentially, the impact of prior specifications in a Bayesian
model may be reduced by combining estimates from multiple prior (1-π) 
specifications (Knurr et al., 2013). Then, SNPs that have a PP>0.5 in the
majority of analyses could be identified.
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Chapter 5: Transcriptional response to
reduced energy intake and subsequent
compensatory growth of M. longissimus
thoracis et lumborum in Aberdeen Angus
steers
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5.1 Introduction
Many growing organisms naturally undergo periods of growth
depression in their lifetime, usually due to reduced feed intake, but possess the
potential to rapidly recover from such periods when favourable conditions, such
as the availability of a higher energy diet, occur (Hornick et al., 2000; Tolla et
al., 2003; Jobling, 2010). This phenomenon, commonly referred to as
compensatory growth, allows organisms to achieve a genetically pre-determined
inherent size following periods of restricted energy intake (Connor et al., 2010).
Compensatory growth is a common feature among many species including fish
(Ali et al., 2003), cattle (Lehnert et al., 2006) and even humans (Ashworth,
1969). In spite of this, relatively little is known about the genes or biological
processes underlying the transcriptional responses regulating compensatory
growth in any species.
In beef cattle production systems, animal feed costs represent the single
largest variable cost in achieving a marketable steer (Connor et al., 2010;
Finneran et al., 2010; Mao et al., 2013). Demand for animal feed is greatest
during Winter, and consequently costs are highest during this period.
Conversely, feed costs are lowest in Spring and early Summer due to the
availability of pasture for grazing. Because of this, there is growing interest in
utilising compensatory growth in management strategies and understanding the
biological mechanisms involved in the compensatory growth response.
The exploitation of compensatory growth is common practice in beef
production systems worldwide. Particularly in pastoral systems, such as in
Ireland, there is an opportunity to reduce overall feed costs by rebalancing feed
demand away from times when feed is expensive towards times when feed is
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cheap. A compensatory growth regimen can be incorporated into a production
system by reducing the availability of feed for an animal during Winter when it
is most expensive, until Spring and early Summer when pasture is cheap and
abundant (Fiems et al., 2007). Thus, this strategy could be used to offset high
production costs over Winter, while maintaining overall production targets.
Furthermore, management strategies that elicit a compensatory growth response
present an opportunity to investigate and elucidate the underlying mechanisms
involved in restricted growth and subsequent compensatory growth (Picha et al.,
2008).
Compensatory growth is recognised by a significantly faster growth rate
in animals that have previously experienced growth depression compared to the
growth rate of control animals that have not experienced growth depression. It is
also accompanied with increased efficiency of energy use thus allowing the
animal to quickly recover body mass (Mangel and Munch, 2005). The ability to
compensate is influenced by several factors such as the duration of restriction,
the severity of restriction and the quality of diet during re-alimentation.
Although muscle tissue is influenced considerably by starvation and re-feeding
(Hornick et al., 2000; Johansen and Overturf, 2006), elucidating the mechanisms
underlying compensatory growth has proven difficult.
The transcriptional responses involved in the compensatory growth
response have been examined only on a limited basis (Connor et al., 2010).
Many studies have focused on a pre-selected list of candidate genes (e.g.
Johansen and Overturf, 2006; Picha et al., 2008), or relied on microarrays
(Lehnert et al., 2006) which have a smaller range of fold change detection than
next-generation sequencing approaches (Xu et al., 2013). Next-generation
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sequencing approaches are not limited by the pre-selection of candidate genes,
and are more sensitive to the detection of genes compared to microarray
analyses (Wang et al., 2009b; Foley et al., 2012; McCabe et al., 2012).
Bovine skeletal muscle is a tissue of major economic importance to the
global economy (Keady et al., 2011). In particular, M. longissimus et lumborum
is of high commercial value in beef production. As such, the objective of this
study was to investigate the transcriptional activity regulating the compensatory
growth response in M. longissimus et lumborum using RNA-seq technology.
Significantly differentially expressed genes in animals under going nutritional
restriction, and subsequent compensatory growth, compared to a control group,
were identified. This information was then used to identify significantly over-
represented pathways. This is the first study to assess bovine muscle tissue
responses to compensatory growth using next-generation sequencing
technology.
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5.2 Material and Methods
The initial stage of this study was performed by Dr. Sarah Keady. This
included the management of all animals, sample collection, total RNA
extraction and preparation of mRNA-seq libraries for sequencing. These
procedures are explained in brief in the following sections. For a more detailed
description of the procedures see Appendix 4.
5.2.1 Animal ethics statement
All animal procedures were carried out according to the provisions of the
Irish Cruelty to Animals Act (licenses issued by the Department of Health and
Children) and the European Communities Regulation 2002 and 2005.
5.2.2 Animal model
The animal model consisted of two periods representing Winter (day 1 to
99) and Spring (day 100 to 131). Twelve crossbred Aberdeen Angus × Holstein-
Friesian steers were assigned to one of two feeding treatments for the entire
study period. The average age of the animals at the commencement of the study
was 362 days (standard deviation of 15.5 days). These two treatments replicated
feeding conditions experienced by animals in a management system that utilises
compensatory growth (experimental group) and a management system that does
not i.e. where animal have ad libitum access to feed (control group).
5.2.2.1 Differential feeding period (Winter)
During the first period, known as the differential feeding period, animals
were assigned to one of two different feeding treatments; a control diet (n = 6)
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or an energy restricted diet (n = 6). The control diet consisted of high energy
concentrates ad libitum (Dry matter (DM) 825 g/kg, in vitro DM digestibility
(DMD) 862 g/kg, crude protein (CP) 120.9 g/kg, ash 43 g/kg, neutral detergent
fibre (NDF) 557 g/kg and acid detergent fibre (ADF) 351 g/kg) and 7kg of grass
silage (low energy) per animal daily (DM 228 g/kg, in vitro DMD 677 g/kg, CP
112 g/kg, ash 80 g/kg, NDF 557 g/kg, ADF 351 g/kg and pH 3.6). The energy
restricted diet consisted of 0.5 kg of the same concentrate feed as that offered to
the control group plus ad libitum access to grass silage. These feeding regimes
replicated the same feeding conditions that animals would be subjected to in a
either a traditional management system or a system that typically exploited
compensatory growth. Muscle biopsies for each animal were collected from the
M. longissimus thoracis et lumborum (between the 12th and 13th ribs) at the end
of the differential feeding period on day 99 of the study.
5.2.2.2 Re-alimentation period (Spring)
The second period, known as the re-alimentation period, consisted of
offering both groups of animals ad libitum access to the same total mixed ration
diet composed of 80% concentrates and 20% grass silage. Muscle biopsies from
the M. longissimus thoracis et lumborum (between the 12th and 13th ribs) were
taken from each animal on day 32 (day 131 of the experiment) of the re-
alimentation period when the compensatory growth response is strongest as
indicated by the live weight gain (Appendix 5).
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5.2.3 Sample collection and total RNA extraction
Sample collection and total RNA extraction was carried out by Dr. Sarah
Keady at the Teagasc Animal & Grassland Research and Innovation Centre in
Grange. The procedures are described in brief in the following sections. Appendix
4 contains a detailed description of all procedures.
Briefly; a muscle biopsy sample was taken from each animal using a
trochar and cannula instrument. Biopsies were washed in Dulbecco’s phosphate
buffered saline (DPBS), snap frozen in liquid nitrogen and stored at -80 oC.
RNA was extracted from homogenised muscle tissues using 200 μl of 
chloroform and a single round of centrifugation (12,000 g for 15 minutes at 4oC).
After centrifugation, the upper aqueous layer was transferred to a 1.5 ml tube.
From this isopropanol was added and the sample briefly vortexed followed by
centrifugation (12,000 g for 10 minutes at 4oC). After the supernatant was
removed, ethanol was added, and the sample vortexed and then centrifuged (7,500
g for 5 minutes at 4oC). After this, the supernatant was removed, and the
remaining RNA pellet air-dried. Nuclease-free water (20 μl) was added to the tube 
and the pellet dissolved completely by gently pipetting. RNA quantity was
assessed using the Nanodrop spectrophotometer (NanoDrop Technologies Inc.,
Wilmington, DE, USA). The Agilent Bioanalyser 2100 (Agilent Technologies)
was used to assess the quality of the RNA. Samples with an RNA integrity
number (RIN) equal to or greater than 8 were deemed acceptable and used as
template for the preparation of mRNA-seq libraries.
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5.2.4 mRNA-seq library preparation and sequencing
PolyA RNA was isolated from the extracted mRNA as described in
(McCabe et al., 2012). In brief, 5-10 ug total RNA was processed with oligo (dT)
beads using two rounds of oligo-dT purification. 5-10 ug RNA was fragmented
with zinc fragmentase (Applied Biosystems, Warrington, UK), first strand cDNA
synthesis was performed using the Invitrogen random hexamer primers and
SuperScript II (Invitrogen), and second strand synthesis was performed using
Invitrogen DNA Polymerase 1 (Invitrogen). End repair and polyadenylation were
performed using NEB Next Tailing Module (New England Biolabs). ® End
Repair Module and NEB Next dA- Illumina single read adapters were ligated to
blunt ended, polyadenylated fragments with a NEB Quick ligation kit (New
England Biolabs). Adapter-ligated cDNA fragment libraries were sequenced on
an Illumina Genome Analyzer II (GAII). Sequencing was performed on the
Illumina GAII at the Conway Institute (University College Dublin, Ireland) using
40bp paired-end version 4 cluster preparation kits according to manufacturers’
instructions (Illumina, United Kingdom).
In total, twenty-four cDNA paired-end read libraries were prepared from
total RNA which was extracted from muscle tissue biopsies at two separate time
points and sequenced as 40 bp paired-end reads on 28 lanes randomly distributed
across 4 flowcells on an Illumina GAII. These libraries represented 12 animals (6
control and 6 experimental) at 2 different time points (end of differential feeding
and during the re-alimentation period).
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5.2.5 Raw read quality control
An important first step in the analysis of RNA sequences is pre-processing
and quality control. In order to generate better mapping results, FASTQ files
should be checked for quality before aligning. Additionally, as per-base sequence
quality usually decreases towards the end of the read, sequences with low quality
scores should be trimmed (Murigneux et al., 2013). The quality of raw reads was
determined using the FastQC program (version 0.10.1) (FastQC). FastQC is an
easy to use tool, which provides an overview of the quality of raw sequence data.
FastQC provides several summary graphs and tables which can be used to
determine if there are any problems with the data. The assessments included per
base sequence quality, per sequence quality, over-represented sequences and per
base N content. Raw reads were then quality trimmed using the fastq-mcf
command in the ea-utils package (Aronesty, 2013). Bases with a phred score of
less than 28 (99.5% accuracy in the base call) were trimmed. Reads that were less
than 15 bps after trimming were removed from further analysis.
5.2.6 Alignment to the Bovine genome
Reads from each of the lanes were aligned separately to the UMD3.1
assembly of the bovine genome using Tophat (version 2.0.6) (Kim et al., 2013).
Tophat aligns reads using the high-throughput, ultrafast short read aligner Bowtie
(version 2.0.5) (Langmead and Salzberg, 2012). The following options were
specified; quality scores are ASCII characters equal to the Phred quality scores
plus 64 (−−Solexa1.3-quals), the very sensitive setting for Bowtie (--b2-very-
sensitive) and library type is paired-end data (--library-type fr-unstranded).
Resulting alignment files were reported in SAM format. SAM files were sorted
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using Samtools (version 0.1.18) (Li et al., 2009) and filtered for possible PCR and
optical duplicates using Picard tools (version 1.60) (The Picard toolkit). This
output was then sorted by read name, instead of the default chromosomal location,
for use with HTSeq (version 0.5.3) (HTSeq).
5.2.7 Read Counts
The script HTSeq-count provided with the HTSeq program (HTSeq) was
used to count the number of reads that mapped to each annotated gene using the
union mode (-m union) for reads partially over-lapping exons, and the Ensembl
69 annotation of the bovine genome (Flicek et al., 2012). As our sequencing
analysis included technical replicates of individual samples, we summed the
counts for all of these lanes, resulting in a single count for each gene for each
sample. Counts for all samples were collated into a single file that contained the
read counts for all genes in all samples. Genes with fewer than 5 uniquely aligned
reads in all samples were excluded from further analysis.
5.2.8 Differentially expressed genes
The bioconductor package DESeq (version 1.12) (Anders and Huber,
2010) was used within R (version 2.15.2) (The R Project) to identify significantly
differentially expressed genes in the experimental group versus the control group.
Two lists of significantly differentially expressed (SDE) genes were returned from
DESeq, corresponding to each time point. DESeq models the count data using a
generalisation of the Poisson distribution, the negative binomial distribution. This
is used to account for biological and technical variance and test for differential
expression between two experimental conditions. As there are over 20,000 genes
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annotated to the bovine genome, the Benjamini and Hochberg (BH) (Benjamini
and Hochberg, 1995) method, implemented in R (The R Project), was used to
correct for errors arising from many thousands of individual tests. Genes with a
BH corrected p-value <0.1 were considered differentially expressed and retained
for further analysis. This meant that two datasets of significantly differentially
expressed genes remained, each corresponding to an individual time point, i.e. at
the end of the differential feeding period and during the compensatory response.
5.2.9 Over-represented KEGG pathways
Significantly differentially expressed bovine genes (BH corrected p-value
<0.1) were mapped to their human orthologs using the mapping available from
hg19 of the human genome (Ensembl 69). The bioconductor package GOseq
(Young et al., 2010) was then used to identify significantly over-represented
KEGG (Kanehisa et al., 2012) pathways (p <0.05). In RNA-seq analyses, longer
or more highly expressed genes are more likely to be detected as differentially
expressed than shorter and/or lowly expressed genes (Oshlack and Wakefield,
2009; Young et al., 2010). When investigating a gene list for biological function
or pathway over-representation, GOseq includes a correction for the higher
number of reads that will be assigned to long or highly expressed genes. GOseq
estimates a probability weighting function from the data, which is used to
quantify the probability that gene will be differentially expressed based solely on
its length. In GOseq, the default method for calculating pathway over-
representation p-values is an extension of the hypergeometric distribution, the
Wallenius non-central hypergeometric distribution. This was used to identify
significantly over-represented KEGG pathways (p <0.05).
152
5.3 Results
5.3.1 mRNA-sequencing and read alignment
The average number of raw reads generated across all sequencing runs
was 33.43 million. Following quality trimming, an average of 32.19 million
reads remained per lane, and the average read length was 39.1 bps. Of these, the
average number of reads that aligned exactly once was 16.27 million reads. This
data has been deposited in NCBI’s Gene Expression Omnibus (GEO) (Barrett et
al., 2013) and are accessible through GEO Series accession number GSE48481.
Filenames for the files contained in GEO under this accession number, and the
corresponding alignment statistics are contained in Appendix 6.
5.3.2 Differentially expressed genes
At both time points, the lowest limit of detection was set to 5 or more
uniquely aligned reads in at least one animal in either the control or the
experimental group. At this limit, 14,257 and 13,719 genes were detected as
expressed at time point 1 and time point 2 respectively.
5.3.2.1 Differential feeding period
On day 99 of the study, 440 genes were found differentially expressed in
muscle tissue of cattle of the experimental group versus the control group
(Electronic Appendix 5.1). The most significantly differentially expressed
genes were related to metabolism; acyl-coenzyme A synthetase medium-chain
family member 1 (ACSM1) (log 2 fold change = -3.58, p = 1.92 × 10-56) and
fatty acid binding protein 4 (FABP4) (log 2 fold change = -2.99, p = 1.55 × 10-
38). In addition, leptin precursor (OB) gene, the adipocyte differentiation gene
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adipogenin (ADIG) and insulin-induced gene 1 (INSIG1) were all significantly
down-regulated. Notably, glucagon receptor precursor (GCGR) was
significantly up-regulated in the experimental group, indicating increased
mobilisation of stored energy.
5.3.2.2 Re-alimentation period
At the second time point (day 32 of re-alimentation), 163 genes were
significantly differentially expressed in the experimental group compared to the
control group (Electronic Appendix 5.2). The most significantly differentially
expressed gene was myosin heavy chain 4 (MYH4) (p = 2.99 × 10-39), which
was up-regulated. Growth hormone releasing hormone (also known as
somatoliberin) (GHRH) (log 2 fold change = 5.37, p = 8.06× 10-17) was also up-
regulated. In total, 67 genes were significantly up-regulated at this time point.
5.3.3 Over-represented KEGG pathways
5.3.3.1 Differential feeding period
Of the 440 genes that were differentially expressed at the end of the
differential feeding period, 406 mapped to 429 human orthologs. Using this
gene list, 17 KEGG pathways were significantly over-represented (Table 5.1).
The most significantly over-represented KEGG pathway was staphylococcus
aureus infection. Other significantly over-represented pathways included
Glycolysis/Gluconeogenesis, a number of pathways related to metabolism (e.g.
Arachidonic acid metabolism) and the peroxisome proliferator-activated (PPAR)
signalling pathway.
154
Table 5.1 Significantly over-represented KEGG pathways at the end of the
differential feeding period. Using the significantly differentially expressed
genes at time point 1 as input, 17 KEGG pathways were found significantly
over-represented (p < 0.05).
KEGG Pathway Name p-value
Staphylococcus aureus infection 8.25 × 10-5
Proteasome 2.83 × 10-4
Protein processing in endoplasmic reticulum 3.39 × 10-4
Systemic lupus erythematosus 2.49 × 10-3
Thiamine metabolism 2.67 × 10-3
PPAR signalling pathway 3.76 × 10-3
Metabolic pathways 4.51 × 10-3
Arginine and proline metabolism 7.15 × 10-3
Prion diseases 8.65 × 10-3
Amoebiasis 1.63 × 10-2
Complement and coagulation cascades 1.76 × 10-2
Ribosome 1.91 × 10-2
Citrate cycle (TCA cycle) 2.88 × 10-2
Arachidonic acid metabolism 3.03 × 10-2
ECM-receptor interaction 3.45 × 10-2
Biotin metabolism 3.89 × 10-2
Glycolysis / Gluconeogenesis 4.07 × 10-2
5.3.3.2 Re-alimentation period
Of the 163 significantly differentially expressed genes at time point 2,
155 mapped to 171 unique human orthologs. From this, 9 KEGG pathways were
found to be significantly over-represented (Table 5.2). Similar to time point 1, a
number of pathways related to metabolism were found significantly over-
represented (e.g. “Carbohydrate digestion and absorption” and “metabolic
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pathways”). In fact, the most significantly over-represented pathway was
“Starch and sucrose metabolism” (p = 1.87 × 10-6). Furthermore, pathways
involved in regulating muscle accretion were also significantly over-represented
(e.g. cell cycle). Also, the transforming growth factor-β (TGF-β) signalling 
pathway was also significantly over-represented during this period when
animals, and indeed muscle tissue, are growing at a much faster rate than control
animals.
Table 5.2 Significantly over-represented KEGG pathways during re-
alimentation. Using the significantly differentially expressed genes at time
point 2 as input, 9 KEGG pathways were found significantly over-represented (p
< 0.05).
KEGG Pathway Name p-value
Starch and sucrose metabolism 1.87 × 10-6
Carbohydrate digestion and absorption 5.03 × 10-5
Valine, leucine and isoleucine degradation 7.23 × 10-3
Osteoclast differentiation 2.41 × 10-2
Lysine biosynthesis 2.75 × 10-2
Cell cycle 2.94 × 10-2
Metabolic pathways 4.00 × 10-2
Salivary secretion 4.07 × 10-2
TGF-beta signalling pathway 4.55 × 10-2
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5.4 Discussion
The current study investigated the transcriptional responses in bovine
muscle tissue to periods of reduced nutritional intake and subsequent
compensatory growth following re-alimentation. Although some research on this
phenomenon has been done previously (e.g. Park, 2005; Lametsch et al., 2006),
many of those studies focused on candidate genes subsets (Luna-Pinto and
Cronje, 2000; Picha et al., 2008). As such many of the genes and biological
processes involved in compensatory growth have yet to be elucidated.
Furthermore, as far as we are aware, this is the first study to use next-generation
sequencing to assess transcriptional responses to compensatory growth
conditions in bovine skeletal muscle. In this study, next-generation RNA
sequencing of muscle tissue was used to identify significantly differentially
expressed genes at two time points; at the end of a nutritional restriction period,
and 32 days into the re-alimentation period. Significantly differentially
expressed genes were then used to identify significantly over-represented KEGG
pathways at each time point separately in an attempt to elucidate the molecular
mechanisms regulating compensatory growth in muscle of cattle.
5.4.1 Compensatory growth model
Compensatory growth is influenced by many factors, which include the
duration and severity of restricted feeding. In this study, the duration and
severity of the restricted diet was chosen to represent the incorporation of
compensatory growth in an on farm management strategy. This meant that the
duration of restriction was approximately 3 months, representing Winter, and
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the severity of restriction did not lead to long-term adverse or potentially
harmful effects on the animals.
In a previous study investigating compensatory growth responses in
Belmont Red steers, gene expression was examined much later in the re-
alimentation period at day 84 (Lehnert et al., 2006). In that study, authors
reported only a single gene (myosin regulatory light chain) as significantly
differentially expressed during the re-alimentation period. At 84 days, the
experimental animals had entered normal growth trajectories meaning that the
genes controlling compensatory growth response were not differentially
expressed in the experimental group versus the control group i.e. the animals
which were previously restricted were responding similar to those fed the ad
libitum diet throughout the experiment. The timing of the second biopsy in our
study, i.e. 32 days into re-alimentation, marked the initial phase of the
compensatory growth response which is accompanied by accelerated muscle
growth, when the response would be strongest. This facilitated detection of
acute responses in muscle tissue to improved nutrition following a prolonged
period of feed restriction.
5.4.2 Differential feeding period
At the end of the differential feeding period a total of 440 genes were
found to be significantly differentially expressed. The majority of these genes
(248) were significantly down-regulated. Additionally, a large number of KEGG
pathways were significantly over-represented. Many of the genes and pathways
identified as significant during the differential feeding period are known to be
involved in processes related to metabolism (e.g. leptin gene (OB), fatty acid
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binding protein 4 (FABP4), glucagon receptor (GCGR), peroxisome
proliferator-activated receptor (PPAR) signalling and metabolic pathways) and
adipocyte differentiation (e.g. adipogenin (ADIG), Glycolysis /
Gluconeogenesis and PPAR).
5.4.2.1 Leptin gene
Leptin (produced by the OB gene) was significantly down-regulated (p =
2.57 × 10-7) at the end of the end of the differential feeding period. Leptin plays
an important role in regulating adipose tissue mass and lipid metabolism (Sahu,
2004; Sainz et al., 2009). Leptin has also been shown to be involved in the
regulation of skeletal muscle growth (Trostler et al., 1979; Ceddia et al., 2001;
Sainz et al., 2009). Interestingly, leptin deficiency has shown to be linked to
decreased muscle mass in mice (Trostler et al., 1979). Down-regulation of leptin
in animals experiencing extended periods of reduced nutritional intake may be
regulating depressed muscle growth rate. This is not unexpected given the
reduced emphasis on muscle growth during the differential feeding period.
5.4.2.2 Staphylococcus aureus infection
The KEGG pathway Staphylococcus aureus infection was the most
significantly over-represented pathway at the end of the differential feeding
period. Six genes were significantly differentially expressed in this pathway, 5
of which were significantly down-regulated (complement component 1, q
subcomponent, B chain (C1QB), complement component 1, q subcomponent, C
chain (C1QC), immunoglobulin gamma Fc receptor II-a (FCGR2A),
immunoglobulin gamma Fc receptor II-b (FCGR2B) and platelet-activating
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factor receptor (PTAFR)). Only manna-binding lectin serine peptidase 1
(MASP1) was significantly differentially up-regulated. Furthermore, 4 of these
genes are also involved in Systemic lupus erythematosus, which was also
significantly over-represented (p = 2.49 × 10-3). Although KEGG is particularly
well annotated for, and thus biased toward, human immune function, this was an
unexpected result. Interestingly, similar results have been reported previously.
Connor et al. (2010) reported changes to genes regulating immune function and
inflammation in black Angus steers following a 10 week period of feed
restriction. In addition to this, genes involved in immune response have been
shown to be down-regulated following periods of starvation in mice (Dhahbi et
al., 2004), rainbow trout (Salem et al., 2007) and even Drosophila melanogaster
(Fujikawa et al., 2009). This may indicate reduced immune response capacity
due to partitioning of energy away from immune function in animals
experiencing long periods of restricted energy intake.
5.4.2.3 Peroxisome proliferator-activated receptor signalling
Another interesting significantly over-represented pathway was the
peroxisome proliferator-activated receptor (PPAR) signalling pathway. The
PPAR signalling pathway plays an important role in numerous functions related
to lipogenesis, adipocyte differentiation and lipid metabolism (Canovas et al.,
2010). Six genes in the PPAR signalling pathway were significantly
differentially expressed at the end of the differential feeding period, five of
which were significantly down-regulated (Figure 5.1). The most significantly
differentially expressed gene in the PPAR signalling pathway was fatty acid
binding protein 4 (FABP4) (p = 1.55 × 10-38). FABP4 was significantly down-
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regulated at the end of the differential feeding period. Although muscle biopsies
were taken from each animal, FABP4 is primarily expressed in adipocyte tissue
(Hertzel and Bernlohr, 2000). Aberdeen Angus cattle contain a high level of
intramuscular fat (Keady et al., 2013). It is possible that some of the
intramuscular fat contained in skeletal muscle was also taken with the biopsy.
This would explain the presence of FABP4. Fatty acid binding proteins are part
of a large gene family comprising proteins mediating intracellular uptake and
transport of long-chain fatty acids within the cell (Hertzel and Bernlohr, 2000).
Fatty acid binding proteins also play an important role in systemic energy
homeostasis (Storch and McDermott, 2009). In rainbow trout FABP has also
been shown to be down-regulated following periods of starvation (Salem et al.,
2007). Additionally, FABP inhibition in chicken adipocytes has been linked
with decreased lipid accumulation (Shi et al., 2011). Down-regulation of FABP4
in the current study is not surprising as, following a long period of restricted
feeding, energy availability is dramatically reduced thus inhibiting the ability to
accumulate body fat.
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Figure 5.1 Significantly differentially expressed genes in the PPAR
signalling pathway at time point 1. Significantly up-regulated genes are shown
in green, and significantly down-regulated genes are shown in red.
5.4.3 Re-alimentation period
At the second time-point 163 genes were significantly differentially
expressed in the experimental group compared to the control group. From this
dataset, 9 KEGG pathways were significantly over-represented. Many of these
pathways are related to metabolism and muscle differentiation. This included
starch and sucrose metabolism, metabolic pathways and TGF-β signalling. 
Many of the genes found differentially expressed at this time-point indicated the
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activation of processes related to muscle growth such as myosin heavy chain 4
(MYH4), inhibin-β subunit A (INHBA), Poly(A) binding protein interacting 
protein 2B (PAIP2B) and forkhead box M1 (FOXM1).
5.4.3.1 Forkhead box M1 gene
Forkhead box (FOX) proteins are a family of cell growth and
proliferation associated transcription factors. FOXM1, which was up-regulated
during re-alimentation, stimulates cell proliferation and promotes cell cycle
progression (Wierstra and Alves, 2007). FOXM1 levels have been shown to
increase at the onset of the S-phase and persist until the end of mitosis (Laoukili
et al., 2005). FOXM1 regulates genes that control G1/S-transition, S-phase
progression, G2/M-transition and M-phase progression. Interestingly, cell
division cycle associated genes 3 (CDCA3) and 8 (CDCA8) were both up-
regulated. In the integrated transcription factor platform (ITFP) database (Zheng
et al., 2008), both CDCA3 and CDCA8 are reported to be regulated by FOXM1.
Additionally, aurora B kinase (AURKB) was also significantly up-regulated at
time-point 2. This gene has been shown to interact with CDCA8 (Gassmann et
al., 2004). This data suggests that during the compensatory growth response, the
expression of genes regulating cell cycle is increased to meet the demands of
accelerate muscle growth.
5.4.3.2 The TGF-β signalling pathway 
Interestingly, the TGF-β signalling pathway was significantly over-
represented during the re-alimentation period of the study. This is not surprising,
given that TGF-β signalling is well known to be involved in regulating skeletal 
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muscle growth. In particular, myostatin, a negative regulator of muscle growth
has been well studied (Lee and McPherron, 2001; Lee, 2004; Kollias and
McDermott, 2008). Myostatin acts on muscle tissue by binding to activin type II
receptor (ACVRII) (Burks and Cohn, 2011). Repressing myostatin action has
recently garnered interest as a potential therapeutic application in treatment of
muscle atrophy (Roth and Walsh, 2004; Zhou et al., 2010; Han et al., 2013).
Although, myostatin signalling was not significantly differentially expressed in
this study, inhibin-β subunit A (INHBA) was significantly up-regulated (Figure 
5.2). Inhibins, act as activin antagonists by forming high affinity complexes with
ACTRII and betaglycan (Lewis et al., 2000; Tsuchida et al., 2009). It is
hypothesised that the effects of the TGF-β signalling pathway and myostatin are 
reduced by increased INHBA activation, thereby promoting accelerated cell
growth and proliferation in muscle tissue of animals experiencing compensatory
growth.
5.4.4 Potential targets for muscle growth regulation
Increased understanding of the mechanisms controlling muscle mass has
attracted growing attention in animal and medical science. Compensatory
growth is an interesting model to study the effects on starvation on muscle
growth and subsequently the acute responses in muscle to nutrient availability.
Significantly differentially expressed genes from this study represent a candidate
gene list warranting further investigation potentially yielding markers that could
be included in selective breeding programmes in cattle. Also, increased
understanding of the transcriptional regulation of muscle growth can facilitate
improved treatments of various clinical problems (Bonaldo and Sandri, 2013).
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In particular the role of INHBA in regulating myostatin warrants further
investigation.
Figure 5.2 Significantly differentially expressed genes in the TGF-β 
signalling pathway at time point 2. Significantly down-regulated genes are
coloured in red and significantly up-regulated genes are in bright green.
165
Chapter 6: Divergent evolution of
somatotropic axis genes in dairy and beef
(Bos taurus) cattle
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6.1 Introduction
Cattle were first domesticated between 8,000 and 10,000 years ago,
giving rise to two lineages observed today; Bos taurus (taurine) and Bos indicus
(indicine or zebu) (Willham, 1986; Vigne, 2011). Modern domestic cattle
originate from independent domestications of the same, now extinct, ancestral
species; the auroch (Bos primigenius) (McTavish et al., 2013; Ramey et al.,
2013). The taurine lineage was probably first domesticated in the Near East,
whereas domestication of aurochsen on the Indian subcontinent gave rise to the
indicine lineage (Vigne, 2011). Several phenotypic differences exist between
both lineages most notably a prominent hump at the shoulders (Chan et al.,
2010). Additionally, indicine cattle are more resistant to heat stress and have
lower nutrient requirements (Canavez et al., 2012).
Taurine cattle, predominantly found in Europe, have been subjected to
more intense selection for milk and meat production compared to Indicine cattle
(McTavish et al., 2013). Intensification of selection in taurine cattle increased
following the emergence of the breed concept 200 years ago (Taberlet et al.,
2011). Consequently, more than 1,000 cattle breeds have been established many
of which are specialised producers of either milk or meat. Intense selection for
favourable alleles involved in different aspects of either milk or meat production
has inevitably impacted the genetic structure of the bovine genome (Hayes et al.,
2009; Bastiaansen et al., 2012).
The somatotropic axis is a complex network of genes, involving growth
hormone (GH) and insulin-like growth factor 1 (IGF1), controlling several
important traits in cattle (Renaville et al., 2002). Although much attention has
been given to characterising the pivotal role played by GH and IGF1 (e.g. Lucy,
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2008; Mullen et al., 2010; Mullen et al., 2011b; Waters et al., 2011), these genes
form only part of the somatotropic axis. Genes from the axis have been
implicated in health, metabolism, growth, fertility and lactation in cattle
(Etherton, 2004; Lucy, 2008; Lucy et al., 2009; Mullen et al., 2012; Waters et
al., 2012). Given the important role that this axis plays in many economically
important traits, it is not surprising that beneficial polymorphisms within these
genes may be under selection in traditional breeding programmes. More over, it
is possible that this artificial selective pressure may have played a pivotal role in
driving physiological changes leading to the establishment of breeds that are
specialised producers of either dairy or beef products. Also, given the observed
phenotypic and physiological differences between modern taurine and indicine
cattle (Chan et al., 2010; O'Neill et al., 2010; Sartori et al., 2010), and the
importance of the somatotropic axis on functionally important traits such as
health and fertility, the somatotropic axis may have been an important factor that
facilitated divergence of these lineages, and the physiological adaptation to
differing environments.
Genetic and transcriptional differences between dairy and beef breeds
have been reported previously (Gibbs et al., 2009; Hayes et al., 2009;
MacEachern et al., 2009a; Sadkowski et al., 2009). Indeed, alleles segregating at
different frequencies have been identified in dairy and beef populations (Hayes
et al., 2009). Many studies have focused on the identification of recent
signatures of selection. Identifying regions of the genome, specifically genes
influencing economically important traits, under long term adaptive evolution
between dairy and beef breeds can elucidate the mechanisms differentiating
breeds, the impact of selection, inform conservation efforts and provide targets
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for future selection programmes (O'Neill et al., 2010). Thus, somatotropic axis
genes should be good candidates for identifying positive selection that may have
resulted from domestication.
The objective of this study was to identify genes from the somatotropic
axis evolving at different rates, and under evolutionary selection pressure, in
beef compared to dairy animals. Next-generation sequencing of 200 candidate
genes was undertaken using DNA from beef and dairy taurine animals. To
facilitate evolutionary hypotheses, the same regions were also sequenced in an
out-group population of Bos indicus animals (Brahman).
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6.2 Materials and Methods
6.2.1 Animal Selection
Genomic DNA was available for 750 Holstein-Friesian progeny-tested
artificial insemination bulls (referred to as Dairy from here on). These animals
represented phenotypes divergent for a number of production traits related to
Holstein-Friesian selection goals (such as milk yield and carcass weight). An
analysis involving a subset of 150 of these animals divergent for genetic merit of
calving interval has already been published (Mullen et al., 2012). In addition to
this, 300 beef animals composed of 6 beef breeds were also chosen. Fifty
Aberdeen Angus, Belgian Blue, Charlois, Hereford, Limousine and Simmental
animals were chosen representing the most popular beef breeds (collectively
referred to as Beef from this point forward). Both the Dairy and Beef datasets
were generated as part of a separate study, but were made available for use in
this study.
For this study, an additional 55 unrelated Brahman animals were also
chosen for targeted re-sequencing. These animals were derived from an African
population that was not under intense selection for either Beef or Dairy
production traits (dual-purpose use). Brahma were chosen as the out-group
species because they are part of a separate taxonomic group to the Dairy and
Beef but have a common ancestral species (the Auroch), i.e. Brahman are sister
taxa to the Dairy and Beef breeds.
6.2.2 Gene Selection
In a previous study (Mullen et al., 2012), 83 of these genes were chosen
based on there involvement in various aspects of the somatotropic axis such as
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gluconeogenesis and nutrient partitioning. For this study, the same 83 genes plus
an additional 117 were selected for targeted re-sequencing. These genes were
chosen based on a comprehensive review of the somatotropic axis, and are
believed to be involved in traits such as growth, energy efficiency, metabolism,
fertility and milk yield (Electronic Appendix 6.1).
6.2.3 Library preparation, target enrichment and sequencing
All procedures described in this section were carried out by Dr. Matthew
McCabe at the Animal & Grassland Research and Innovation Centre, Teagasc.
The procedures outlined for the Dairy and Beef datasets were carried out as part
of a separate study which has already been published (see Mullen et al., 2012).
These procedures are described in the following sections.
6.2.3.1 Dairy and Beef
For the Dairy animals, DNA was pooled in groups of 75 animals using
equimolar quantities (100 ng) of DNA from each animal as described in (Mullen
et al., 2012). Briefly, the pools were prepared for high-throughput 80 bp paired-
end DNA sequencing using the Illumina Genome Analyser II platform. Indexed
paired-end sequencing libraries were captured and enriched for the genes of
interest using the SureSelect Target Enrichment for Illumina paired-end
Sequencing (Agilent Technologies Ltd., Cork, Ireland) according to
manufacturer’s instructions. Sequence capture baits were designed to target
whole gene (exons and introns) sequences including 3 kb of both the 5’ and 3’
flanking UTR sequence for 83 genes central to the function of the somatotropic
axis. To maximise the number of genes included for analysis, the remaining
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baits were designed to target only the coding sequences and 5’ and 3’ flanking
UTR regions and encompassed 117 additional genes (the remaining genes).
Targeted captured libraries for each pool contained different indexes located at
the 5’ end of both reads, allowing multiple libraries to be sequenced on a single
flow cell lane.
This procedure was repeated for the Beef animals using 6 pools of 50
animals (one pool for each breed) resulting in 80 bp paired-end DNA sequences
from the Illumina Genome Analyser IIx (cluster kit 4PE and sequencing kit
version 5) platform for the same regions.
6.2.3.1 Brahman
Standard paired-end DNA libraries were prepared from 6 captures of 55
samples using cleaned genomic DNA. Two of the 6 captures were pooled in
equimolar amounts for high-throughput sequencing on the Illumina Hiseq2000
sequencing platform. The remaining 4 captures (similar in size and yield) were
pooled for sequencing on an additional Hiseq2000 flowcell lane. All sequencing
of was carried out at the Beijing Genomics Institute (BGI), Shenzhen, China.
6.2.4 Raw read quality control
In order to generate better mapping results, the raw FASTQ files were
checked for quality before aligning to the Bovine genome. The program FastQC
(version 0.10.1) (FastQC) was used to assess the quality of raw reads. The
assessments included per base sequence quality, per sequence quality, per base
N content and the sequence length distribution. Raw reads were then quality
trimmed using the fastq-mcf command in the ea-utils package (Aronesty, 2013).
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From the end of each read, bases with a phred score of less than 30 (99.9%
accuracy in the base call) were trimmed. Reads that were less than 20 bps after
trimming were discarded from further analysis.
6.2.5 Mapping and variant calling
All DNA sequence data were aligned to the UMD3.1 assembly of bovine
genome using the Burrows-Wheeler Aligner (BWA) (version 0.6.1) (Li and
Durbin, 2009). BWA is a fast read alignment tool that reports mappings in the
standard SAM format. As all DNA sequence data came from the same pool of
55 samples, alignment files were merged. The merged alignment file was then
sorted using Samtools (version 0.1.18) (Li et al., 2009) and filtered for possible
PCR and optical duplicates using Picard tools (version 1.60) (The Picard
toolkit).
The Genome Analysis Toolkit (GATK) (version 2.1) (McKenna et al.,
2010) was then used for indel realignment and base recalibration. DNA
sequence polymorphisms were then identified using the UnifiedGenotyper. Only
variants with a phred-scaled confidence of 30 or higher were called (-
stand_call_conf 30). The variant call format (VCF) file containing all identified
polymorphisms in the Brahman dataset were then merged with the equivalent
files from both the Dairy and Beef datasets, retaining information specific to the
variant call in each group.
6.2.6 Variant QC and calling against the ancestral allele
Quality filtering of the merged VCF file was then undertaken to remove
SNPs that were not biallelic, had a base quality score less than 30 or less than 7
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reads at the SNP position. In addition, a minimum of 4 reads supporting the
alternative (non-reference) allele was required across all groups. Any SNP that
was only observed in the Brahman dataset were also removed from further
analysis. After this, the alternative allele frequency was calculated for all SNPs
in each of the three datasets. SNPs were then called against the ancestral allele
based on the alternative allele frequency in the out-group dataset (Brahman).
This was done by firstly calculating the alternative allele frequency for all SNPs.
If the alternative allele at a SNP position was the majority allele in the Brahman
dataset, the reference allele and alternative allele were switched and a new
alternative allele frequency calculated for that SNP in all groups. SNPdat
(version 0.1.5) (Doran and Creevey, 2013) was then used to identify
synonymous and non-synonymous SNPs, and annotate all SNPs to genes from
the UMD 3.1 assembly of the bovine genome.
For each gene, all SNPs that were annotated to a gene were identified
using SNPdat. These SNPs were then concatenated to create a consensus
sequence (consisting solely of the variants) for each gene based on the majority
alternative allele at each SNP position. This was repeated for each group of
animals (Dairy, Beef and Brahman) resulting in three sequences (in FASTA
format) for all genes in the analysis.
6.2.7 Relative rate test
Relative rate tests measure genetic distances from an out-group to
members of a related sister taxa in-group with which the out-group shares a
common ancestor (Bleiweiss, 1998). Differences in genetic distance along these
paths are taken to represent rate variation among in-group lineages (Figure 6.1).
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Importantly, relative rate tests require that the paths from the out-group must
pass through an internal node shared by all in-group taxa (Bleiweiss, 1998).
All genes with a consensus sequence less than 50 bps (i.e. had fewer than
50 SNPs detected across the three groups) were removed from further analysis.
With the remaining gene sequences, a relative rate test was carried out using the
RRTree software (Robinson-Rechavi and Huchon, 2000). RRTree allows us to
calculate and compare substitution rates between sequences, compared to an
out-group, using a relative rate test. Dairy and Beef sequence datasets were
defined as the in-groups, and the Brahman sequence dataset as the out-group.
Resultant p-values were corrected for errors arising from multiple testing using
the Benjamini-Hochberg (Benjamini and Hochberg, 1995) method in R (The R
Project). A corrected p-value <0.1 was used to identify significantly different
rates between sequences of the in-groups.
175
Figure 6.1 Distance-based relative rate tests from an out-group to two in-
group taxa. A slower rate is inferred for in-group 1 based on a shorter path
length from the out-group to in-group 1 compared to in-group 2 (Adapted from
Bleiweiss, 1998).
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6.2.8 McDonald-Kreitman test
McDonald and Kreitman (1991) proposed a statistical test to detect the
level of adaptive evolution within a species at the molecular level (Parsch et al.,
2009). If no selection is occurring, the ratio of synonymous to non-synonymous
mutations within a species is expected to be equal to the ratio of synonymous to
non-synonymous mutations between species. SNPdat was used to identify all
synonymous and non-synonymous SNPs that occurred in coding regions of
targeted genes. SNPs with an alternative allele frequency less than 0.95 were
defined as polymorphic, whereas SNPs with an alternative allele frequency
greater than or equal to 0.95 were defined as fixed in the population. To
facilitate comparison of Beef to Dairy breeds, all SNPs that were fixed in both
the dairy and beef datasets were removed. The number of fixed synonymous
(Ds) and non-synonymous (Dn) SNPs, and the number of polymorphic
synonymous (Ps) and non-synonymous (Pn) SNPs were counted for each gene. If
no adaptive evolution has occurred then the ratio of synonymous to non-
synonymous mutations between species should equal the ratio of synonymous to
non-synonymous mutations within species (i.e. Dn/Ds = Pn/Ps). The ratio of
synonymous to non-synonymous mutations between species (i.e. fixed SNPs)
was compared to the ratio of synonymous to non-synonymous mutations within
species using Fisher’s exact probability test in R (The R Project). Although the
G-test of independence was used in the original McDonald-Kreitman (1991)
paper, Fisher’s exact test is analogous to the G-test but should be used when
sample size is low (Winters et al., 2010).
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6.2.9 Uncharacterised genes
Genes that were not intended to be captured from the analysis but were
identified as significant in either the relative rate test or the McDonald-Kreitman
test were examined using the BLASTN v2.2.28 program (Zhang et al., 2000;
Morgulis et al., 2008). For any such gene, the nucleotide sequence for the entire
gene was extracted from the bovine genome. The program BLASTN v2.2.28
(Zhang et al., 2000; Morgulis et al., 2008) was used to identify orthologous
genes based on the alignment of the gene sequence.
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6.3 Results
6.3.1 Target enrichment and sequencing
For each animal group from the Dairy and Beef data sets, captured
regions were sequenced as 80 bp paired-end reads on 9 lanes across 3 flowcells
of an Illumina GAIIx. The average number of raw reads generated for each
Dairy group was 21.96 million reads. Of these, the average number of reads that
aligned to the bovine genome was 18.28 million reads. For the Beef groups, the
average number of reads generated per group was 19.85 million reads with an
average of 17.57 million reads aligning to the bovine genome.
For the Brahman datasets, raw reads were generated from 100 bp paired-
end DNA sequencing on an Illumina Hiseq2000. On average 196.64 million
paired reads were generated for each run. After quality trimming of the raw
reads, 5 paired reads were removed and the average read length was 97.3 bps.
On average 191.68 million paired reads aligned to the UMD3.1 bovine genome.
6.3.2 SNP discovery and annotation
In total, 16.87 million SNPs were identified in the Dairy, Beef and
Brahman datasets. After quality filtering of SNPs (See Table 6.1 for details),
270,982 SNPs remained and were annotated using SNPdat (Doran and Creevey,
2013). SNPs were annotated to coding features (4,012), introns (67,846) and
intergenic (199,124) regions. Approximately one third (97,755) of the SNPs
annotated using SNPdat, were also reported in dbSNP (Sherry et al., 2001). Of
the 4,012 SNPs annotated to exonic coding regions, 1,687 resulted in non-
synonymous codon changes including 56 stop losses and 89 stop gains.
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Table 6.1 The number of SNPs available after each quality filter was
applied to the SNP data. The information in the second column is the total
number of SNPs remaining after the quality filter (first column) was applied.
Quality Filter Total SNPs Remaining
Raw SNPs 16,869,214
After non-biallelic removed 16,841,565
quality score less than 30 14,005,713
less than 7x coverage 511,332
less than 4 reads supporting alternative 498,664
Brahman only removed 298,260
Annotated by SNPdat 270,982
6.3.3 Relative rate test
After correcting for multiple testing, 6 genes were found to be evolving
at significantly different rates in either Dairy or Beef (Table 6.2). Four of these
were evolving at a significantly faster rate in Beef. Both the intercellular
adhesion molecule 2 (ICAM2) and growth hormone receptor (GHR) genes were
the most significantly faster in Beef genes (corrected p = 1.38 × 10-5). The effect
of GHR on bovine growth traits in both dairy and beef cattle has been well
documented (Curi et al., 2005; Waters et al., 2011; Waters et al., 2012). The two
genes that were significantly faster in Dairy were Dynein, axonemal, heavy
chain 5 (DNAH5) and Dynein, axonemal, heavy chain 11 (DNAH11).
6.3.4 McDonald-Kreitman test
After removing SNPs that were fixed in both the Beef and Dairy
populations, a total of 1,164 SNPs were annotated to coding regions of 173
targeted genes. Of these SNPs, 747 resulted in an amino acid change including
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25 stop gains and 40 stop losses. The ratio of non-synonymous to synonymous
polymorphic SNPs compared to the ratio of non-synonymous to synonymous
fixed SNPs was not significantly different (p < 0.05) for any genes under
investigation.
Table 6.2 Genes with significantly faster rates in Dairy and Beef (BH
corrected p value < 0.1).
Gene ID Gene Name P Faster Padj
ENSBTAG00000019432 ICAM2 1.0 × 10-7 Beef 1.38 × 10-5
ENSBTAG00000001335 GHR 1.0 × 10-7 Beef 1.38 × 10-5
ENSBTAG00000021972 DNAH5 1.0 × 10-7 Dairy 1.38 × 10-5
ENSBTAG00000013078 DNAH11 1.0 × 10-7 Dairy 1.38 × 10-5
ENSBTAG00000018303 PAPPA2 2.17 ×10-5 Beef 2.39 × 10-3
ENSBTAG00000030416 NA 1.12 × 10-2 Beef 1.12 × 10-2
6.3.5 Uncharacterised genes
Only one gene (ENSBTAG00000030416) that was unintentionally
captured in the sequencing was identified as having a significantly faster rate in
Beef animals compared to Dairy animals. In Ensembl release 74 (Flicek et al.,
2012), this gene is classified as a novel processed pseudogene. Using BLASTN
(Zhang et al., 2000; Morgulis et al., 2008), this gene had the best alignment
score and shared a high level of identity (92%) with the bovine solute carrier
family 2, member 3 (SLC2A3 also known as GLUT3). This gene, GLUT3, was
included in the target list of genes from the somatotropic axis.
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6.4 Discussion
The aim of this study was to identify bovine somatotropic axis genes
involved in evolutionary changes leading to differentiation of taurine dairy and
beef breeds. Targeted sequencing of 200 somatotropic axis genes was used to
identify synonymous and non-synonymous SNPs in taurine and indicine cattle.
The McDonald-Kreitman test was used to investigate adaptive evolution
occurring in dairy and beef (taurine) genomes, and a relative rate test was
performed to identify genes evolving at significantly faster rates in either Beef
or Dairy cattle.
6.4.1 Gene selection
The somatotropic axis is a complex network of genes central to a number
of economically important traits in both dairy and beef cattle. A number of
studies have investigated genes from the somatotropic axis and reported roles in
health, fertility, lactation and growth (Lucy, 2008; Keady et al., 2011; Mullen et
al., 2012; Waters et al., 2012). In this study, 200 genes representing the central
components of the axis were chosen for investigation. These genes were chosen
based on a thorough review of the literature and represent a comprehensive list
of genes involved in traits of functional (i.e. health and fertility) and production
(i.e. lactation and growth) importance in cattle. Moreover, due to the critical role
that the somatotropic axis plays in influencing complex traits and the obvious
phenotypic differences that exist between dairy and beef animals, these genes
represent a candidate list of genes distinguishing taurine beef and dairy breeds.
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6.4.2 Relative rate test
Cattle were first domesticated approximately 10,000 years ago. Since
then, cattle have been under selection for several traits related to growth and
milk. Selection pressure dramatically increased about 200 years ago, eventually
leading to the development of many breeds specialised in either beef or milk
production. If changes in the genetic structure of the genes targeted in this study
have been involved in the phenotypic differentiation of Beef and Dairy breeds
observed today, even before the emergence of the breed concept, it is likely that
one breed may have experienced a faster rate of frequency change compared to
the other.
6.4.2.1 Growth
Several genes related to growth were found to be evolving at
significantly faster rates in Beef animals compared to Dairy animals (Table 6.2).
One of these genes, pappalysin 2 (PAPPA2), has been shown to cleave insulin-
like growth factor binding protein 5 (IGFBP5) resulting in increased IGF1
bioavailability (Overgaard et al., 2001b; Yan et al., 2010). Interestingly,
IGFBP5 has been implicated in fat deposition in pigs and cattle (Fan et al.,
2009; Wang et al., 2009a). The function of PPAPA2 is still at an early stage of
elucidation (Conover, 2012), although studies have indicated a role in human
pregnancy (Christians and Gruslin, 2010), reproduction in cattle (Luna-Nevarez
et al., 2011) and growth in mice (Conover et al., 2011). Furthermore,
quantitative trait locus (QTL) mapping in mice identified PAPPA2 as a
candidate gene associated with postnatal growth and regulation of body size
(Christians et al., 2006). In fact, mice homozygous for a PAPPA2 knockout
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were normal size at birth but suffered from postnatal growth retardation
(Conover et al., 2011). In addition, a PAPPA2 knockout has also been shown to
affect bone size and shape in growing mice (Christians et al., 2013).
Another interesting result was the identification of a significantly faster
rate of evolution in the growth hormone receptor (GHR). Growth hormone (GH)
is an anterior pituitary secreted hormone whose actions are mediated by the
ubiquitously expressed GHR (Pilecka et al., 2007). The primary role of GH is to
promote postnatal growth (Kopchick and Andry, 2000). In fact, administration
of recombinant GH has been shown to increase muscle mass of growing steer
calves (Vann et al., 2001). GH also plays an important role in metabolic
processes, promoting decreases in fat and increases in lean body mass
(Herrington and Carter-Su, 2001). Binding of GH to GHR induces transcription
of several genes including IGF1 (Jiang et al., 2007). IGF1 is an important
circulating growth factor controlling tissue growth (Schiaffino and Mammucari,
2011; Bonaldo and Sandri, 2013). Most IGF1 in circulation is found as part of a
complex with one of six IGFBPs, which increases the half-life of IGF1 in blood.
IGF1 null mice exhibit severe growth retardation (Baker et al., 1993). Similarly,
knockout of GH or GHR results in mice which are 50% smaller than their wild-
type littermates (Jiang and Ge, 2013). Furthermore, several studies have
identified associations between GH and GHR, and growth traits in cattle
(Mullen et al., 2010; Mullen et al., 2011a; Waters et al., 2012).
A faster rate of evolution in both of these genes supports the hypothesis
that Beef breeds, more than Dairy breeds, have experienced positive selection of
alleles for growth characteristics. These changes may also have helped drive the
changes that lead to the establishment of breeds specialised in meat production.
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6.4.2.2 Angiogenesis and inhibition of apoptosis
Angiogenesis is an important process in normal postnatal skeletal muscle
growth (Takahashi et al., 2002). Angiogenesis in muscle tissue is the process in
which new blood vessels form from existing vessels promoting muscle growth.
Intercellular adhesion molecule 2 (ICAM2), which was identified as evolving at
a faster rate in Beef animals compared to Dairy (p = 1.38 × 10-5), has been
suggested as a potential regulator of angiogenesis (Huang et al., 2005). In both
in vitro and in vivo studies involving mice, lack of ICAM2 expression resulted
in impaired angiogenesis and increased apoptosis (Huang et al., 2005).
Furthermore, ICAM2 mediates a cell survival signal sufficient to block
apoptosis by activation of PI3K/AKT pathway (Perez et al., 2002; Ishigami et
al., 2008). Activation of this pathway stimulates protein synthesis and inhibits
apoptosis (Clemmons, 2009). Interestingly, this pathway is also activated by
insulin-like growth factors (IGFs) including IGF1 (Rommel et al., 2001), which
is a central component of the somatotropic axis important in the regulation of
myogenesis (Straface et al., 2009). Beef animals exhibit faster and more
pronounced postnatal growth than dairy counterparts. As such, angiogenesis and
inhibition of apoptosis through ICAM2 may be undergoing selection in tandem
with genes involved in muscle growth (such as GHR and PAPPA2) and that
these genes have experienced faster rates of frequency change in Beef breeds.
6.4.3 Fertility
Two genes (dynein, axonemal, heavy chain (DNAH) 5 and DNAH11)
related to fertility were found to be evolving at a faster rate in Dairy animals
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compared to Beef animals. Both genes are members of the dynein heavy chain
family of proteins encoding ciliary outer dynein arm proteins. Both DNAH5 and
DNAH11 function as force generating proteins with ATPase activity involved in
the movement of cilia (Chodhari et al., 2004). In cattle, very little has been
reported regarding the function of either DNAH5 or DNAH11. In spite of this,
DNAH5 and DNAH11 have both been implicated in primary ciliary dyskinesia
(PCD) and situs inversus (reversed internal organs) (Bartoloni et al., 2002;
Olbrich et al., 2002; Hornef et al., 2006). Several studies have identified
mutations in DNAH5 and DNAH11 that are believed to cause PCD (Olbrich et
al., 2002; Hornef et al., 2006; Pifferi et al., 2010; Knowles et al., 2012; Zhang et
al., 2013a). PCD of males is characterised by reduced fertility due to sperm
immotility (Chodhari et al., 2004; Hornef et al., 2006).
For many years selection in dairy cattle focused solely on increasing
milk yield (Miglior et al., 2005). This was the case for most countries with the
exception of Scandinavian countries, in which functionally important traits
(such as health and reproduction) were included in breeding goals. Numerous
studies have demonstrated that selection for only production traits, such as milk
yield, causes negative effects on reproductive performance (Veerkamp et al.,
2001; Kadarmideen et al., 2003). However, in recent years, breeding goals have
diversified to include functionally important traits in an effort to reduce and
reverse the decline in these traits (Miglior et al., 2005). The faster rates of
evolution of DNAH5 and DNAH11 may be due to the historical indirect
selection against fertility and the recent recovery of fertility rates through
breeding however, further research is required.
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6.4.4 Unintentional capture of a GLUT3 pseudogene
One gene which was not included on the targeted list but was found to be
evolving at a significantly faster rate in Beef animals was a processed
pseudogene, ENSBTAG00000030416. Although, this gene was not intended to
be sequenced, it shares a high level of similarity with a gene which was targeted
for sequencing (GLUT3). In humans, GLUT3 is predominantly expressed in
brain and neural tissue although expression in is also found in skeletal muscle
tissue (Bilan et al., 1992; Copland et al., 2007). Interestingly, muscle GLUT3
expression has been shown to be controlled by IGF1 (Copland et al., 2007). In
spite of the similarity (92%) between GLUT3 and ENSBTAG00000030416,
little can be said about the significance of this finding without further research.
Although many pseudogenes have been identified in humans (Zhang et al.,
2003) (annotations in cattle are not as complete), the common assumption is that
a pseudogene is non-functional (Zheng et al., 2007). Pseudogenes are generally
considered the evolutionary endpoint of genomic material that will eventually be
removed from a genome (Zheng et al., 2007). Significant differences in this
gene may represent a false positive of the study due to sequencing error (such as
a low specificity primer) or alignment error (in which reads originating from a
gene are mapped to a different gene with high similarity)(Copland et al., 2007).
6.4.5 Search for adaptive evolution
The McDonald-Kreitman (MK) test, which compares the ratio of
polymorphic to fixed (divergent) SNPs at non-synonymous and synonymous
sites, is a common method for the detection of positive (or balancing) selection
on protein coding sequences (McDonald and Kreitman, 1991; MacCallum and
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Hill, 2006; Parsch et al., 2009). The MK test has been used to investigate
adaptation in several species including humans and cattle (Bustamante et al.,
2005; MacEachern et al., 2009b). The test is relative straightforward to perform:
A two-by-two contingency is created in which the columns are the fixed and
polymorphic SNPs, and the rows are for the synonymous and non-synonymous
SNPs. Thus, the four entries in the table are the number of fixed synonymous
(Ds) and non-synonymous (Dn) SNPs, and the number of polymorphic
synonymous (Ps) and non-synonymous (Pn). The MK test compares the ratio of
Dn/Ds to Pn/Ps to evaluate whether neutral evolution can be rejected as the
evolutionary force dictating change in a coding sequence (Messer and Petrov,
2013). Deviations from the expected ratio (i.e. Dn/Ds = Pn/Ps) may indicate
either positive selection (Dn/Ds > Pn/Ps) or purifying (or balancing) selection
(Dn/Ds < Pn/Ps). However, no significant deviations from the expected ratio were
identified in any of the genes under investigation in this study.
A limitation of this approach for individual genes is the possibility that
too few SNPs will be detected in the coding region of target genes (MacEachern
et al., 2006), which was the case in this study. Furthermore, many sites under
selection are likely to be outside of coding regions, and therefore are not
covered by the MK test (Walsh, 2008). For many of the genes analysed, the MK
test did not have sufficient power to detect significant deviations as the number
of SNPs identified in the coding regions was quite low. For example, the
majority of genes (104/173) had 5 or less SNPs annotated to the coding region.
One possibility which may result in a low number of non-synonymous
fixed mutations, is that genes that are functionally important may be highly
conserved across breeds and that even minor changes in protein structure are
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under purifying selection (Schmitt et al., 2007). This is further complicated by
domestication (MacEachern et al., 2009a; MacEachern et al., 2009b). As a
consequence of artificial selection and a small effective population, selective
constraint may be reduced meaning that unfavourable mutations are not
removed as quickly as in a population under natural selection (MacEachern et
al., 2009b). This would explain the low number of fixed non-synonymous SNPs
and the large number of polymorphic non-synonymous SNPs observed in both
Beef and Dairy. For example, in the Beef population 745/1164 SNPs were non-
synonymous polymorphic. Although a large number of polymorphic non-
synonymous SNPs may be indicative of balancing selection, it may also be
possible, that alleles within a gene are under positive selection but have yet to be
fixed in either population. Furthermore, domestication and a reduction in
effective population size may make the MK test unsuitable for cattle data (or
any domestic animals) (MacEachern et al., 2009b).
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Chapter 7: Thesis Discussion
7.1 Introduction
Systems biology is not only concerned with the analysis of raw data, it
also entails the development of new tools and approaches for efficiently
analysing data. Especially in an era of rapid high-throughput sequencing,
methodological advances coupled with increased sequencing data can provide a
solid foundation to integrative analysis of complex traits. The aim of this thesis
was to combine these key concepts, of software development, methodological
improvement and data analysis, to address questions pertaining to bovine muscle
growth and development.
Chapter two describes the development and implementation of a SNP
annotation tool, SNPdat. SNPdat was developed to address a need for such tools
in the analysis of non-model organisms. In this chapter, it was demonstrated that
SNPdat can be used to analyse data and provide similar results to currently
available software, but that SNPdat can also be used to analyse data from many
organisms not currently supported by the vast majority of currently available
tools. Additionally, in this chapter, the development and implementation of
additional scripts that are part of the SNPdat package is described. This tool is
user friendly and can easily be incorporated into existing SNP discovery
pipelines. SNPdat fills a niche for analyses involving non-model organisms that
are not supported by many available SNP annotation tools. SNPdat will be of
great interest to scientists involved in SNP discovery and analysis projects,
particularly those with limited bioinformatics experience.
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In the third chapter, two different statistical approaches were used to
identify regions of the bovine genome associated with four economically
important traits related to animal growth. Regions found significantly associated
with a trait were then further investigated to identify potential biological
processes involved in different aspects of animal growth. Results from this
chapter will be of particular interest to quantitative geneticists involved in
genomic selection. Significant associations could be incorporated into a
genomic selection programme to identify animals with better potential for
growth. Also, candidate genes and biological processes identified in this chapter
have shed light on some of the regulatory mechanisms involved in animal
growth. Particularly, the involvement of the peroxisome proliferator-activated
receptor signalling pathway in a number of traits from this study confirmed the
multi-faceted influence pathways can have on different aspects of each trait.
Candidate genes and pathways identified could also form the basis for further
studies that aim to identify causative mutations influencing each of these traits.
In recent years, Bayesian approaches have gained considerable
momentum in the area of genetic prediction. Accurate assessment of
convergence is an important step in Bayesian analysis and posterior inference.
However, the concept of convergence diagnostics has largely been over-looked
in the area of genetic prediction in livestock species such as cattle. Chapter four
focused on convergence assessment techniques for a Bayesian model used in
genetic prediction of complex traits. A number of metrics were implemented to
assess convergence. It is hoped that the metrics, and approaches outlined, will be
adopted by the larger community of researchers involved in genetic prediction
of complex traits.
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RNA-seq is a next-generation technology that has quickly been adapted
by many researchers investigating transcriptional responses in experimental
conditions. In chapter five, the transcriptional responses of skeletal muscle to
nutritional restriction and compensatory growth were investigated using RNA-
seq technology. Paired-end sequencing and bioinformatic approaches were
utilised in this chapter. Paired-end sequencing is advantageous compared to
single read sequencing or fluorescence based approaches (such microarrays).
Interestingly, the peroxisome proliferator-activated receptor signalling pathway
was found significantly over-represented in study. This supported evidence from
chapter 3, that this pathway is involved in many aspects of animal growth.
Obvious morphological differences exist between dairy and beef breeds
of cattle, in particular in the ability to accumulate muscle. In chapter six it was
hypothesised that genes involved in regulating muscle growth might be evolving
at different rates in beef cattle compared to dairy, possibly due to domestication
and selection. Interestingly, the growth hormone receptor was found to be
evolving at a faster rate in beef animals compared to dairy. This result further
underlines the importance of growth hormone and its receptor in driving bovine
muscle growth, and represents a candidate gene for inclusion in genetic breeding
programmes.
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7.2 General discussion
A major challenge in the analysis of SNP data derived from the analysis
of non-model organisms is the dearth of species non-specific software. The
majority of tools available for the analysis of SNP data are solely for the
purpose of analysing human SNP data. Consequently, the interrogation of data
derived from non-model organisms is often challenging, particularly so for
researchers with limited bioinformatics experience. In chapter 2, the
development and implementation of SNPdat is described. SNPdat was
developed to fill a gap in available software for the analysis of SNP data
originating from non-model organisms. SNPdat can be used to analysis SNP
data for any organism with a reference sequence and annotation. The usefulness
of SNPdat was also demonstrated in chapter 2 using a published dataset of both
novel and known bovine SNPs (Mullen et al., 2012).
At various stages throughout this thesis, SNPdat was used to facilitate
the analysis of bovine data. In chapter 3, SNPdat was used to annotate
significantly associated SNPs to known QTL. Although SNPdat was designed to
annotate SNPs to genomic features such as exons, it can be used to annotate
SNPs to any information contained in a GTF/GFF file. Currently, to annotate
SNPs to QTL information stored in databases, such as cattle QTLdb (Hu et al.,
2013), requires the creation of custom scripts. However, as information stored in
cattle QTLdb can be retrieved in GFF3 format, SNPdat can be used to annotate
SNPs to known QTL. As such, SNPdat can facilitate the identification of
candidate genes surrounding significantly associated SNPs and provide valuable
insight into the functional roles of those genes.
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As described in chapter 2, SNPdat can also identify synonymous and
non-synonymous SNPs. This function of SNPdat was exploited in chapter 6, in
which synonymous and non-synonymous SNPs were identified in somatotropic
axis genes of dairy, beef and Brahman animals. This facilitated the identification
of genes under significantly different rates of evolution in beef animals
compared to dairy animals. Additionally, SNPdat was used to identify SNPs in
coding regions which enabled the examination of genes from the somatotropic
axis which may be under evolutionary selection pressure.
As outlined in chapter 1, systems biology approaches also entail the
development and investigation of novel methods to improve the analysis of
experimental data. This concept was addressed in chapter 4, in which graphical
approaches to diagnose convergence were assessed. Although it may never be
entirely possible to guarantee convergence of the MCMC chain in Bayesian
inference, lack of convergence can often be identified (Cowles and Carlin,
1996). As such, convergence assessment will remain an important consideration
in Bayesian inference. The conclusions outlined in chapter 4 were important in
driving the approaches taken to assess convergence in chapter 3.
Muscle growth is clearly a complex process, influenced by many genetic
factors. Integrating data from several sources, as in a systems biology approach,
may provide valuable insight as to the biological mechanisms controlling
various phenotypic outcomes related to growth. In total, 12 genes involved in
the PPAR signalling pathway were identified in chapters 3 and 5. However,
these 12 genes comprised results from the analysis of CWT, CFAT and CONF
data in a genome-wide association (chapter 3) coupled with significantly
differentially expressed genes from a compensatory growth model (chapter 5).
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In chapter 3, the multi-functional role that biological pathways may play
in linking different aspects of bovine growth was highlighted. This was
supported by the identification of 6 pathways that were significantly over-
represented in the analysis of a single carcass trait and also for the combined
trait analysis. For example, the PPAR signalling pathway contained genes
surrounding SNPs significantly associated CWT, CFAT and CONF. PPARs are
a group of transcription factors that play a central role in controlling skeletal
muscle lipid utilisation (Berger and Moller, 2002; Ehrenborg and Krook, 2009).
There are three members of the PPAR family; PPARα, PPARγ and PPARδ, 
each of which is encoded by a separate gene (Abbott, 2009). PPARs regulate
transcription by binding with retinoid X receptors (Tien et al., 2006). This
heterodimer binds to peroxisome proliferator response elements in the promoter
region of target genes which then stimulates expression (Tan et al., 2005). In
chapter 3, PPARα and retinoid X receptor α were identified as candidate genes 
involved in regulating CWT and CONF, respectively.
PPARα is also involved in controlling the expression of fatty acid 
binding proteins (FABPs), which are a family of carrier proteins involved in
fatty acid metabolism (Furuhashi and Hotamisligil, 2008). Interestingly, FABP4
was significantly down-regulated during the differential feeding period when
animals are experiencing a depressed growth phase due to nutritional restriction
(chapter 5). In fact, 6 genes from the PPAR signalling pathway were
significantly differentially expressed at this time point, the majority of which
were down-regulated. The PPAR signalling pathway was also significantly
over-represented at this time point suggesting that this pathway may play an
important role in partitioning of energy during a depressed growth phase due to
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energy restriction. In line with the findings of chapter 3 and chapter 5, it is clear
that the PPAR signalling pathway plays a crucial role in influencing several
aspects of bovine growth.
Furthermore, the compensatory growth study (chapter 5) provided
several novel insights into the biological mechanisms regulating bovine muscle
growth. Although several efforts have previously been made to elucidate the
mechanisms underpinning accelerated growth in response to nutrient availability
following nutritional restriction (Park, 2005; Lehnert et al., 2006; Fiems et al.,
2007), many of the genes and biological pathways involved in CG remained
concealed. The application of RNA-seq, a highly sensitive approach, allowed
the examination of differential gene expression in animals exhibiting CG
compared to control animals. From the RNA-seq analysis of M. longissimus
thoracis et lumborum tissue, which is an economically important tissue in beef
production, at two separate time points it is evident that several complex
processes are activated, involving up and down-regulation of many genes.
Genes that are differentially expressed during re-alimentation offer revealing
insights as the mechanisms controlling rapid muscle growth. Additionally, these
genes and pathways are potential targets to assess CG in other muscle tissues. In
beef production systems, CG may be utilised to offset high feed costs over
Winter however, the impact of CG on economically desirable traits such as meat
quality and taste warrants further investigation.
Since earliest domestication, cattle have been utilised for meat products
and consequently have experienced long periods of soft selection. This was
followed by intensification of selection in last 200 years (Taberlet et al., 2011).
These periods of selection have undoubtedly had an influence on the underlying
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genetic architecture of taurine breeds (Gibbs et al., 2009), potentially leading to
increased rates of evolution in genes relevant to a desirable phenotypic outcome
(for example, milk or meat traits). This hypothesis is supported by the
identification of several genes evolving at significantly different rates in beef
breeds. This also supports the view that domestication and selection has had and
is still having an impact of the genetic structure of beef and dairy breeds
separately.
For example, GH was identified as a candidate gene influencing the
CFAT and CONF traits, and GHR as a candidate gene involved in CONF and
CULL (chapter 3). This supports evidence from several studies in which GH and
GHR were found to be involved in various aspects of growth (Curi et al., 2005;
Mullen et al., 2010; Waters et al., 2011). In addition, GHR was also found to be
evolving at a significantly faster rate in beef animals compared to dairy animals
(chapter 6). The primary function of GH is to stimulate growth, and through
GHR this function is regulated (Kopchick and Andry, 2000). Upon ligand
binding, GHR stimulates the transcription of IGF1 (among other genes) (Jiang et
al., 2007). These genes; GH, GHR and IGF1 form the central components of the
somatotropic axis (Keady et al., 2013), so it is not surprising that they are
involved in several aspects of bovine growth and have been under selection.
Another gene that was identified as evolving at a significantly different
rate, PAPPA2, was also significantly down-regulated during the differential
feeding period of the compensatory growth study (chapter 5). PAPPA2 has been
shown to increase bioavailability of IGF1 through cleavage of IGFBP5, thus
stimulating muscle proliferation (Overgaard et al., 2001a). Down-regulation of
PPAPA2 during a prolonged period of nutrient restriction would seem to suggest
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a role regulating muscle growth. This highlights the importance of incorporating
information from several sources, thus enabling the identification of genes
involved in different aspects of bovine growth, namely the short-term down-
regulation of tissue proliferation and the long-term evolutionary importance of
this gene in growth.
The mechanisms regulating animal growth are undoubtedly extremely
complex. A decade ago, the analyses outlined in this thesis would not have been
possible. However, the recent publication of the bovine genome, coupled with
improving sequencing technology and methodological advances, has allowed
new levels of understanding to be reached. This thesis is evidence of the obvious
progression in bovine research, and as such has offered many revealing insights
into the key genes and pathways regulating growth in cattle.
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Appendix 1 (Chapter 4)
A1.1 Surface plot of the number of SNPs with a PP>0.5 for the carcass
weight phenotype
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A1.2 Surface plot of the number of SNPs with a PP>0.5 for the carcass
conformation phenotype
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A1.3 Surface plot of the number of SNPs with a PP>0.5 for the cull cow
carcass weight phenotype
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Appendix 2 (Chapter 4)
A2.1 Surface plot of the Euclidean distances for the carcass fat phenotype
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A2.2 Surface plot of the Euclidean distances for the carcass conformation
phenotype
263
A2.3 Surface plot of the Euclidean distances for the cull cow carcass weight
phenotype
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Appendix 3 (Chapter 4)
A3.1 Surface plot of the R2 for the carcass fat phenotype
265
A3.2 Surface plot of the R2 for the cull cow carcass weight phenotype
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Appendix 4 (Chapter 5)
A4.1 Muscle sample collection
A biopsy (~ 0.5 g to 1 g) of muscle between the 12th and 13th rib (M.
longissimus thoracis et lumborum) was taken with a trochar and cannula
instrument. Each sample was washed in DPBS and snap frozen in liquid
nitrogen. Samples were stored at -80 °C until total RNA was extracted.
A4.2 Extraction of total RNA from muscle
For each sample; total RNA was prepared from 100mg of frozen muscle
tissue. Tissue samples were homogenised in 3 ml of TRIzol reagent. After
homogenisation, the mixture was evenly divided into 3 Eppendorf tubes and 200
μl of chloroform was added. The tubes were then shaken vigorously and 
incubated at room temperature for 2 min. The resulting mixture was centrifuged
at 12,000 g for 15 min at 4oC. The aqueous phase was then transferred to a fresh
1.5 ml tube, and isopropanol was added and mixed by vortexing the tube for 10
sec. The sample was then centrifuged at 12,000 g for 10 min at 4oC, after which
the supernatant was removed and 1 ml of 75% ethanol was added to the
remaining RNA pellet. The sample was vortexed and then centrifuged at 7,500 g
for 5 min at 4oC. Following centrifugation, the supernatant was removed and the
pellet air-dried briefly ensuring that the pellet did not dry out completely.
Nuclease-free water (20 μl) was added to each tube and the pellet dissolved 
completely by gently pipetting. The contents of each tube were pooled and
added to a sterile 1.5 ml tube. The Nanodrop spectrophotometer was used to
determine total RNA quantity in the sample. The concentration of total RNA for
each sample in triplicate was recorded and averaged. The a260/a280 ratio, an
267
indicator of protein contamination was also recorded. Samples with ratios
ranging between 1.8 and 2.0 were accepted. The Agilent Bioanalyser 2100
(Agilent Technologies) was used to assess the quality of the RNA. Samples with
a RNA integrity number (RIN) equal to or greater than 8 were deemed
acceptable and used as input for the preparation of mRNA-seq cDNA libraries.
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Appendix 5 (Chapter 5)
A5.1 Live weight, live weight gains and dry matter intake for the control and experimental group at each time-point.
Trait Control group Experimental group SED
Live weight (kg)
Start (day 0) 296 298 6.89
End of differential feeding period (day 99) 438 356 6.89
Re-alimentation period (day 131) 474 416 6.89
Live weight gain (kg/day)
Differential feeding period (day 0-99) 1.55 0.63 0.05
Re-alimentation period (day 99-131) 1.26 1.74 0.093
DMI (kg/day)
Differential feeding period (day 0-99) 9.48 4.41 0.08
Re-alimentation period (day 99-131) 10.34 10.25 0.09
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Appendix 6 (Chapter 5)
A6.1 FASTQ file names and alignment statistics for GEO submission GSE48481
GEO counts file name Corresponding FASTQ file Strand RawReads
Reads
removed by
trimming
Reads
post
trimming
Aligned
exactly 1 time
Reads
run_110218.s_1_1_sequence.fq.gz Forward 29744590 2929632 26814958 11087004run_110218_1_00023_tp1_cont_r1_counts.txt
run_110218.s_1_2_sequence.fq.gz Reverse 29744590 2929632 26814958 11087395
run_110218.s_2_1_sequence.fq.gz Forward 33267602 1432866 31834736 18160670run_110218_2_00553_tp1_rest_r1_counts.txt
run_110218.s_2_2_sequence.fq.gz Reverse 33267602 1432866 31834736 18134204
run_110218.s_3_1_sequence.fq.gz Forward 36903677 3578101 33325576 17522406run_110218_3_00030_tp2_cont_r1_counts.txt
run_110218.s_3_2_sequence.fq.gz Reverse 36903677 3578101 33325576 17041299
run_110218.s_4_1_sequence.fq.gz Forward 34481888 3257689 31224199 13428818run_110218_4_00023_tp1_cont_r2_counts.txt
run_110218.s_4_2_sequence.fq.gz Reverse 34481888 3257689 31224199 13088928
run_110218.s_6_1_sequence.fq.gz Forward 34277957 1729668 32548289 18738853run_110218_6_00553_tp1_rest_r2_counts.txt
run_110218.s_6_2_sequence.fq.gz Reverse 34277957 1729668 32548289 18408845
run_110218.s_7_1_sequence.fq.gz Forward 36215753 1655711 34560042 18101039run_110218_7_00030_tp2_cont_r2_counts.txt
run_110218.s_7_2_sequence.fq.gz Reverse 36215753 1655711 34560042 17941491
run_110218.s_8_1_sequence.fq.gz Forward 35787810 1072539 34715271 19987018run_110218_8_00553_tp1_rest_r3_counts.txt
run_110218.s_8_2_sequence.fq.gz Reverse 35787810 1072539 34715271 19829224
run_110321.s_1_1_sequence.fq.gz Forward 30649324 1078514 29570810 13844582run_110321_1_00553_tp2_rest_counts.txt
run_110321.s_1_2_sequence.fq.gz Reverse 30649324 1078514 29570810 13645278
run_110321.s_2_1_sequence.fq.gz Forward 30611937 895376 29716561 16662457run_110321_2_00030_tp1_cont_counts.txt
run_110321.s_2_2_sequence.fq.gz Reverse 30611937 895376 29716561 16476307
run_110321.s_3_1_sequence.fq.gz Forward 28016772 650007 27366765 13493740run_110321_3_00465_tp1_rest_counts.txt
run_110321.s_3_2_sequence.fq.gz Reverse 28016772 650007 27366765 13348691
run_110321.s_4_1_sequence.fq.gz Forward 32233953 918516 31315437 15212628run_110321_4_00414_tp2_cont_counts.txt
run_110321.s_4_2_sequence.fq.gz Reverse 32233953 918516 31315437 15096723
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run_110321.s_6_1_sequence.fq.gz Forward 33579604 2896869 30682735 10923643
run_110321_6_00587_tp2_rest_counts.txt run_110321.s_6_2_sequence.fq.gz Reverse 33579604 2896869 30682735 9930809
run_110321.s_7_1_sequence.fq.gz Forward 38106809 1587028 36519781 20248894run_110321_7_00468_tp1_cont_counts.txt
run_110321.s_7_2_sequence.fq.gz Reverse 38106809 1587028 36519781 19956491
run_110321.s_8_1_sequence.fq.gz Forward 30708273 900407 29807866 16652524run_110321_8_00926_tp1_rest_counts.txt
run_110321.s_8_2_sequence.fq.gz Reverse 30708273 900407 29807866 16546043
run_110622.s_1_1_sequence.fq.gz Forward 30350428 628709 29721719 11584093run_110622_1_00023_tp2_cont_counts.txt
run_110622.s_1_2_sequence.fq.gz Reverse 30350428 628709 29721719 11635435
run_110622.s_2_1_sequence.fq.gz Forward 36577555 872238 35705317 14185395run_110622_2_00921_tp2_rest_counts.txt
run_110622.s_2_2_sequence.fq.gz Reverse 36577555 872238 35705317 14120204
run_110622.s_3_1_sequence.fq.gz Forward 37336377 974626 36361751 19645522run_110622_3_00414_tp1_cont_counts.txt
run_110622.s_3_2_sequence.fq.gz Reverse 37336377 974626 36361751 19564367
run_110622.s_4_1_sequence.fq.gz Forward 38310347 1087462 37222885 21153101run_110622_4_00587_tp1_rest_counts.txt
run_110622.s_4_2_sequence.fq.gz Reverse 38310347 1087462 37222885 21066344
run_110622.s_6_1_sequence.fq.gz Forward 34436732 677216 33759516 16030922run_110622_6_00584_tp2_cont_counts.txt
run_110622.s_6_2_sequence.fq.gz Reverse 34436732 677216 33759516 15967174
run_110622.s_7_1_sequence.fq.gz Forward 29191963 784974 28406989 16612087run_110622_7_00976_tp2_rest_counts.txt
run_110622.s_7_2_sequence.fq.gz Reverse 29191963 784974 28406989 16566322
run_110622.s_8_1_sequence.fq.gz Forward 35348221 1089664 34258557 18633181run_110622_8_00521_tp1_cont_counts.txt
run_110622.s_8_2_sequence.fq.gz Reverse 35348221 1089664 34258557 18535473
run_110715.s_1_1_sequence.fq.gz Forward 39415231 1218682 38196549 18337574run_110715_1_00921_tp1_rest_counts.txt
run_110715.s_1_2_sequence.fq.gz Reverse 39415231 1218682 38196549 18359401
run_110715.s_2_1_sequence.fq.gz Forward 32426502 323292 32103210 17423823run_110715_2_00521_tp2_cont_counts.txt
run_110715.s_2_2_sequence.fq.gz Reverse 32426502 323292 32103210 17360144
run_110715.s_3_1_sequence.fq.gz Forward 34480283 969410 33510873 15930298run_110715_3_00465_tp2_rest_counts.txt
run_110715.s_3_2_sequence.fq.gz Reverse 34480283 969410 33510873 15830837
run_110715.s_4_1_sequence.fq.gz Forward 26634475 253675 26380800 11787365run_110715_4_00584_tp1_cont_counts.txt
run_110715.s_4_2_sequence.fq.gz Reverse 26634475 253675 26380800 11728281
run_110715_6_00976_tp1_rest_counts.txt run_110715.s_6_1_sequence.fq.gz Forward 33738230 404085 33334145 20572938
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run_110715.s_6_2_sequence.fq.gz Reverse 33738230 404085 33334145 20469177
run_110715.s_7_1_sequence.fq.gz Forward 33503514 390638 33112876 14991768run_110715_7_00468_tp2_cont_counts.txt
run_110715.s_7_2_sequence.fq.gz Reverse 33503514 390638 33112876 14882725
run_110715.s_8_1_sequence.fq.gz Forward 29670975 381935 29289040 16783695run_110715_8_00926_tp2_rest_counts.txt
run_110715.s_8_2_sequence.fq.gz Reverse 29670975 381935 29289040 16710238
